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ABSTRACT

Discussing Changes in Historical Human–Environmental Dynamics Through
Ecosystem Services Interactions and Future Scenarios in A Rural-Mining Region
of Central Appalachians

Vincenzo Cribari
The aim of this dissertation was to investigate how recent processes of land-change
induced by humans contributed to the shaping and alteration of the current landscape
in a headwater system of Central Appalachians in West Virginia (US), to understand
the interactions and tradeoffs among ecosystems services and address potential
solutions for targeting more sustainable human-environment interactions in a region
that is deeply grounded on extractive economies. The multitiered objective was
addressed through different research phases in order to unfold and disentangle a series
of complex problems that the study area presents. Three main phases were used; they
corresponded to distinct chapters within this study.
The first paper analyzed land-cover transitions, from 1976 to 2016, using Multi-Level
Intensity Analysis and Difference Components methods. Two land cover classifications
were derived explicitly for this study using remote sensing methods and obtained with
segmentation analysis and machine learning algorithms from historical high-resolution
aerial images (1-2 meters) and ancillary data. Results allowed the author to distinguish
between surface mining areas produced before and after the enactment of the Surface
Mining Control and Reclamation Act (SMCRA, 1977), discuss differences among
distinct socio-technical phases, and differentiate the main drivers and outcomes of
landscape change processes in the area.
The historical information and knowledge gained in the first step were used to inform
the second chapter, whose objective was to analyze the interactions among ecosystem
services and derive their bundles. Ecosystem services models were obtained using
InVEST, and a custom model was explicitly defined to link water quality changes to
freshwater ecosystem services. The results identified significant losses of carbon

sequestration, habitat quality, and freshwater ecosystem services in areas subjected to
Mountaintop Removal mining. The findings spatially located different ecosystem
services bundles characterized by distinct human-environment relationships and
complex anthropogenic drivers not limited to coal mining processes. The study
identified the appropriate spatial scale for targeting specific management actions and
implementing conservation, as well as development-restoration strategies, in areas
characterized by similar social-ecological processes and deeply altered ecosystems.
In the third essay, the identification of ecosystem services bundles allowed the author
to delineate two distinct social-ecological systems characterized by surface coal
extraction and reclamation processes produced during different historical phases. These
areas were discussed as separate case studies within a time interval of seventy years,
from the recent past (1976) to future scenarios (2045). The scenarios were based on a
backcasting approach integrated by ecosystem services models and the analysis of
functional changes within the two social-ecological units analyzed. The results
highlighted differences in the flow of ecosystem services due to the intensity of mining
and the different and incremental reclamation approaches used in the scenarios. The
comparison of threats and opportunities within each scenario, identified, in the
discussion section, a range of plausible hypotheses and solutions the stakeholders and
communities of the region should face if they want to rehabilitate the social and
ecological conditions to promote a more sustainable approach for the future of these
places.
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1. Introduction
In the last decades, the anthropization of the terrestrial biosphere has emerged as one
of the major effects of global environmental change (Crutzen & Stoermer, 2000).
During the last three centuries, the terrestrial biosphere has undergone a crucial
transition, changing from a mostly wild condition to a mostly anthropogenic one. Due
to the acceleration boosted within the industrial age, ecosystems anthropization crossed
the critical 50% threshold in the twentieth century (Ellis et al., 2010). Traditional
processes of industrial and post-industrial economies led to the emergence of new
ecosystems as a product of natural landscape alterations and disturbances. This abacus
of landscapes appeared as strictly connected with transitional land uses or abandonment
processes driven by land use changes, resources extraction and the further dismission
of economic activities (Hobbs et al., 2014).
The Appalachian Region offers an exemplary case for studying these transformations.
Indeed, the region, as part of the first American frontier, changed from an agrarianbased region to an industrial one that, soon after the creation of new railways,
experienced large-scale timbering clear-cut and coal mining (Davis, 2000; Marley,
2016). The Central Appalachians are particularly characterized by a relevant history of
landscape changes due to human activities connected to natural resources extraction.
Surface mining has been described as the major driver of landscape changes in the
region for at least the last fifty years; its diffusion was the greatest cause of forest losses
(Drummond & Loveland, 2010), and its effects has been compared to the ones extra
urban development had in the rest of the Eastern U.S (Townsend et al., 2009; Brown et
al., 2005). In the last decades, Mountaintop Removal and Valley Fills (MTRVF) has
drawn the attention of the scientific community due to its deep impacts on ecosystems,
landscape, human and natural communities (Hendryx, 2011; Hendryx & Holland, 2016;
Palmer et al., 2010; Wickham et al., 2013; Ross et al., 2016). Nevertheless, MTRVF
represents only the latest part of surface mining history in Central Appalachians, while
its effects generally spatially overlap and interact with those derived from previous
cycles of strip mining obtained before the enactment of the Surface Mining Control and
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Reclamation Act of 1977 (SMCRA).
Today, communities in several rural-mining areas of Central Appalachians are
impacted by the adverse outcomes of coal extraction, especially when it takes the form
of surface mining. These impacts are not limited to environmental issues, but they
generally take the form of combined social-ecological problems. From the reclamation
of abandoned mining land to the fading economies connected mostly to coal extraction,
communities in these areas suffer the detrimental effects of the resource curse (Auty,
1993), with socio-ecological traps (Boonstra & De Boer, 2014) that lead to wicked and
apparently unsolvable problems (Defries & Nagendra, 2017) that often result in
inaction phenomena where communities may be characterized by fatalism and
opposition (Bell, 2016; Henrich Bruggemann et al., 2012; Lazarus, 2009).
The broad research question of this research was to understand how, eventually, new
social-ecological transformations can be obtained in this region that can lead to more
sustainable land-use practices and improve the human-environmental relationships.
Due to its complexity, the research question was subdivided into more manageable
pieces to proceed with separate studies characterized by a combination of different
research methods and frameworks.
The research in this dissertation is presented in three research papers, each one of which
is presented as a single chapter (Chapter II, III, and IV). Each chapter addresses at least
a specific research question.
The chapter two addresses the following questions:
1) If it is possible to define land change processes in an area of Central
Appalachians characterized by surface mining operations obtained before and
after the SMCRA, distinguishing land cover transitions from potential errors to
avoid the misinterpretations of the land-change analysis results.
2) Since surface coal mining represented the principal driver of land change in the
Central Appalachians, how its effects spread out on the landscape, and how they
interact with other landscape dynamics.
3) A secondary goal of the study was to understand if it is possible to update the
extent of surface mining in the study area, reconstructing its spatial distribution
before the SMCRA.
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The chapter three addresses the following questions:
1) If it is possible to identify interactions among a set of ecosystem services (ES)
and derive ES bundles in areas historically characterized by surface mining and
coal extraction.
2) If it is possible to understand the relationships between ES and the different
social and biophysical drivers that characterize ES distribution and change in
the study area.
3) How and if the knowledge derived from the ES bundles spatial mapping can be
operationalized to inform landscape management and conservation programs in
the region.
The chapter four addresses the following question:
4) If it is possible to define future scenarios and identify more sustainable humanenvironmental relationships for the rural coal communities of Central
Appalachians, and include in their discussion the opportunities and threats and
the evaluation of ES changes.
Chapter two and three have been already published. The former in the journal Land and
the latter in the journal Ecosystems and People. The references are reported below.

Chapter 2: Cribari, V., Strager, M. P., Maxwell, A. E. & Yuill, C. (2021).
Landscape Changes in the Southern Coalfields of West Virginia : Multi-Level
Intensity Analysis and Surface Mining Transitions in the Headwaters of the Coal
River

from

1976

to

2016.

Land,

10(7).

https://doi.org/https://doi.org/

10.3390/land10070748

Chapter 3: Cribari, V., Strager, M. P., Geneletti, D. & Yuill, C. (2022). Analyzing
the interactions among multiple ecosystem services in a rural mining region in
Central

Appalachians.

Ecosystems

and

https://doi.org/10.1080/26395916.2022.2043445
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People,

18(1),

189–211.

Chapter 5, offers a summary of the main conclusions that can be drawn. Chapter two
and three have been formatted in the style of the journal to which they were submitted.
The other chapters of the dissertation have been formatted using the 7th edition of the
American Psychological Association (APA) Publication Manual.
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1. Introduction
This study presents the findings of a land-change analysis conducted in the headwaters
of the Coal river, during a 40 year interval, from 1976 to 1996. This is a subwatershed
located in the central Appalachian coalfields region of the US [1,2], within the southern
coalfields of West Virginia (WV) [3] (Figure 3). The land change processes in this area
are of particular interest for the land-change transitions associated with surface mining
and Mountain Top Removal (MTR). The overall knowledge derived by the analysis of
the land change processes can be relevant for characterizing the region’s landscape with
information concerning the biophysical structure and function of ecosystems [4] through
the identification of specific land cover (LC) transitions and classes.
The study’s main objective is to address landscape changes in the study area and
test the stationarity of land transitions applying a post classification comparison (PCC)
method based on five relevant LC classes. To achieve this goal, the Multi-Level Intensity
Land-change Analysis method [5] was applied to examine land-change processes in the

Land 2021, 10, 748. https://doi.org/10.3390/land10070748

7

https://www.mdpi.com/journal/land

Land 2021, 10, 748

2 of 32

Headwaters of the Coal River using high-resolution images (1–2 m) across two time
intervals (1976–1996 and 1996–2016) spanning a total of 40 years. The comparison of the
magnitude of the errors at each time point with the magnitude of temporal differences [6]
applied in this study enabled the identification of the potential sources of errors to avoid
misinterpretations of the land-change analysis results. Three land cover classifications
(LCCs), consisting of five classes (developed areas, barren land, water, low vegetation, and
forest), were derived from 1 and 2 m spatial resolution imagery over three time points
(1976, 1996, and 2016). The 1976 and 1996 LCCs were derived for this study.
Since surface coal mining represented the principal driver of land change in the
Central Appalachians [7], the study objective was to address how its effects spread out
on the landscape, and how those effects could intersect or interact with other landscape
dynamics [8,9] that the exploratory nature of this study may reveal in the study area, due to
the complex environmental history of the region [10–16]. A secondary goal was to update
the extent of surface mining in the study area from 1976 and compare our results with the
findings obtained by other research [17].
2. Background
2.1. Surface Coal Mining in Central Appalachians
In the Central Appalachian region surface mining has been a massive driver of land
change and ecosystem alteration due to the scale of the operations and a lengthy history [17].
Coal surface mining has been identified as the main driver of landscape changes in the
region and its diffusion was the greatest cause of net forest loss and conversion over the last
four decades [18]. Its effects have been compared to those of extra-urban development in
the rest of the eastern US [7,19]. In the last decades, Mountaintop Removal and Valley Fills
(MTR, MTRVF) has drawn the attention of the scientific community due to its deep impacts
on ecosystems, landscapes, human and natural communities [20–23]. Nevertheless, MTRVF
(Figure 1c) represents only the latest phase of surface mining in Central Appalachians,
and its effects can compound those of legacy surface mining (e.g., strip mining or contour
mining, auger mining, and highwall mining) [24].
Large-scale surface coal mining in WV started after 1914, while the first surface
mining reported in the region opened in eastern Kentucky in 1905 [25]. From 1936 the
mechanization process registered a rapid advancement with a consistent growth after the
mid of 1950s thanks to the development of giant shovels and draglines [26]. A large quantity
of strip mining was produced after the 1940s, during the war effort, due to the increased coal
demand and labor shortage. Strip mines presented highly mechanized operations, for this
reason, they were less dependent on hand labor [27,28]. The estimated area of strip-mined
land in WV in 1950 was close to 50,000 acres (20,234.3 hectares). In 1939 WV adopted the
first regulatory legislation due to the problems generated by surface mining [25], while in
1945, a legislative act introduced several procedures for the reclamation of formerly mined
land; like land regrading and drainage, and the planting of trees, shrub and grasses [29].
By the beginning of the 1950s, surface mining activities attracted growing attention due to
the environmental problems produced [25,29]. The 1970s represented the moment in which
strip-mined areas reached another peak in the region [30,31]. An aerial survey of 1964 in
Kentucky’s eastern mining region indicated that about 12% of the surface mining areas
were characterized by landslides [32]. In WV, the worst flood event derived from surface
mining operations occurred in 1972; it was the Buffalo Creek Flood Disaster in Logan
County, where 125 people died due to the collapse of a coal dam impoundment [33,34].
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reclaiming the land with vegetative covers. Both conditions will bring somehow contradictory outcomes in the region; the AOC to the leveled landscapes of MTR sites, while the
fast-growing grasses will be used by coal companies to quickly meet the reclamation requirements [35,36]. Nevertheless, these reclamation procedures represented a response to
the need of controlling and managing the unreclaimed landscape, the severe soil erosion,
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rockfalls, and landslides caused by strip mining operations before 1977 (Figure 1) [32,37–
39].

(a)

(b)

(c)
Figure 1.
1. Effects
Effects of
of surface
and highwall
highwall mining
mining in
in the
the Appalachian
Appalachian landscape
landscape in
in 1972:
1972: (a)
Figure
surface minings
minings and
(a) dump
dump site
site number
number 129,
129,
Boone
County,
WV
[34];
(b)
dump
site
number
253,
Wyoming
County,
WV
[34].
(c)
MTRVF
reclaimed
landscape:
Kayford
Boone County, WV [34]; (b) dump site number 253, Wyoming County, WV [34]. (c) MTRVF reclaimed landscape: Kayford
Mountain, WV, 2018 (photo V. Cribari).
Mountain, WV, 2018 (photo V. Cribari).

The Clean Water Act of 1972 (CWA, 33 U.S.C. §1252) and the Surface Mining Control
and Reclamation Act of 1977 (SMCRA, 30 U.S.C. §1201) represented a turning point for
the US surface coal mining history. The SMCRA consistently readdressed, from individual
state regulation to the federal level, the policies that drove the socio-technical processes of
coal extraction, mine reclamation, and environmental regulation.
The SMCRA established the restoration of mining areas introducing the principle of
“approximate original contour” (AOC), to eliminate the highwalls and the mining spoil
for stabilizing potentially unstable terrain slopes [32]. Another requirement consisted in
reclaiming the land with vegetative covers. Both conditions will bring somehow contradictory outcomes in the region; the AOC to the leveled landscapes of MTR sites, while
the fast-growing grasses will be used by coal companies to quickly meet the reclamation
requirements [35,36]. Nevertheless, these reclamation procedures represented a response
to the need of controlling and managing the unreclaimed landscape, the severe soil erosion,
rockfalls, and landslides caused by strip mining operations before 1977 (Figure 1) [32,37,38].

9

Land 2021, 10, 748

4 of 32

2.2. Monitoring Surface Mining in the Region
Since the mid-1960s, remote sensing studies have assumed a critical role in monitoring
the magnitude and the effects of surface mining in the region [32]. In the early applications,
remote sensing methods were mainly based on the visual interpretation of aerial images,
used for environmental applications, to assess surface mining’s extents and their effects on
the landscape [39]. By 1973 there was an increasing use of Landsat imagery. With the new
satellites, the spatial, spectral, and radiometric resolution of new sensors progressively
contributed to better results and applications. A comprehensive review of remote sensing
studies applied to Mountaintop Mining (MTM) was published in 2001 [40].
In 2009, a land change study based on Landsat time series [7] examined land cover
transitions in four watersheds in the Central Appalachian mountains, monitoring three
LC classes (bare/urban, forest, and grassland/pasture/crop) across four time points (1976,
1987, 1999, 2006). The study’s focus was to assess changes in surface mining areas to link
them to the losses of ecosystems’ hydrologic functions [41]. The authors reported the
inability to use the National Land Cover Classification (NLCD) products due to their low
accuracies in classifying mine-relevant LC classes. To avoid the limitations derived by the
low-resolution of Landsat images, the authors combined a set of ancillary data (mining
permits, NLCD maps, data derived by manual photo interpretation) within a decision tree
process to derive transitions based on class membership from time intervals comparisons.
Results established the expansion of surface mining started in the 1950s and reached its
peak in 1976. After the SMCRA adoption in 1977, there were two effects, mined areas
tended to stabilize, and reclaimed areas progressively increased. The study highlighted
that these results should be cautiously extended to the MTM region of southern West
Virginia [7].
In 2018, a new land change study [17] proceeded with the revision of the surface
mining extent in 74 counties in Central Appalachia using a dataset based on Landsat data
built on a yearly imagery basis using the Google Earth Engine platform. Surface mines
were mapped using two models corresponding to two different datasets. The main dataset
involved the 1985–2015 time interval; for the interval 1976–1984, the authors reported some
limitations in deriving a complete mapping of mines due to the lack of a comprehensive
dataset. They also pointed to the opportunity of improving future studies before 1984
using data from earlier Landsat satellites. The results established that the higher value of
land converted to new surface mines during each year was reached in 1999 (116 km2 yr−1 ),
and the lower in 2015 (31 km2 yr−1 ). The study established that after 2010, there was a
consistent decrease in new mining areas; starting from 2010, coal companies had to mine
up to three times of land to obtain the same amount of coal they obtained in the 1990s. This
trend pointed to a remarkable decrease in coal resources accompanied by a proportional
increase in environmental costs [17].
Another set of studies were focused on land cover classification (LCC) problems in
the Appalachian mountain region and on the specific problems derived by surface miningrelated LC classes, like the differentiation of mine-reclaimed grasslands from non-mining
grasslands due to spectral similarities between barren land and developed land. These
studies discussed the use of high-resolution images (0.6–2 m), the integration of ancillary
data (e.g., topographic models, vector data), and the use of segmentation analysis combined
with machine learning algorithms [42–44].
Table S1 reports a list of remote sensing and land change studies focused on surface
mining in the Central Appalachian Region. Figure 2 reports a comparison of 1976 and 2016
aerial orthomosaics used to derive the LCCs, showing the changes in strip mining covers
and forest gains.

10

Land 2021,
2021, 10,
10, x
748
Land
FOR PEER REVIEW

of 32
32
55 of

(a)

(b)

Figure
in 1976–1977
1976–1977 and
2016. After
Figure 2.
2. Comparison
Comparison of
of aerial
aerial views
views of
of the
the same
same area
area in
and 2016.
After 40
40 years
years of
of vegetation
vegetation growth,
growth, strip
strip
mining
effects
can
be
barely
distinguished
from
the
aerial
images.
Images
are
representative
of
the
scale
of
surface
mining
mining effects can be barely distinguished from the aerial images. Images are representative of the scale of surface mining
operations that occurred in the area before the 1977. The site number 253 (Figure 1b) is highlighted in the red circle in both
operations that occurred in the area before the 1977. The site number 253 (Figure 1b) is highlighted in the red circle in both
images. (a) Map derived from the orthomosaic used for the land cover classification of 1976. (b) Map is based on the USDA
images. (a) Map derived from the orthomosaic used for the land cover classification of 1976. (b) Map is based on the USDA
National Agriculture Imagery Program (NAIP) 2016 dataset.
National Agriculture Imagery Program (NAIP) 2016 dataset.

2.3. Post Classification Comparison Using Intensity Analysis and Difference Components
2.3. Post Classification Comparison Using Intensity Analysis and Difference Components
The land-change analysis in this study was obtained using a post-classification comThe(PCC)
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is
the
most
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change
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[45,46].
Among
the main
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provides
a complete
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of
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change
directions,
while
major
drawbacks
generally
originate
from
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in
derivfrom historical datasets and assessing their accuracy [48]. PCC produces a crosstabulation
ing LCCs
historical
assessing
their
accuracy
[47]. potential
PCC produces
matrix
thatfrom
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thedatasets
numberand
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matrix
that
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the
number
of
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pixels
occurring
each
post-change category combination to compare two timepoints, which some authorsindefine
potential
pre- and
post-change
combination
to compare two
timepoints, which
as
a transition
matrix
[49]. Errorscategory
in change
map are multiplicative
in combination,
while
some authors define as a transition matrix [48]. Errors in change map are multiplicative in
the accuracy of the change map might be similar to the product of each map’s accuracy
combination, while the accuracy of the change map might be similar to the product of each
[49,50]. A central complexity of PCC is rigorous error assessment, which is essential to
map’s accuracy [48,49]. A central complexity of PCC is rigorous error assessment, which
differentiate misclassification error from actual landscape change [51,52]. Through aggreis essential to differentiate misclassification error from actual landscape change [50,51].
gation across two time points, errors in the LCCs may produce mismatches that may be
Through aggregation across two time points, errors in the LCCs may produce mismatches
incorrectly identified as change. Indeed, LC products with levels of overall accuracy genthat may be incorrectly identified as change. Indeed, LC products with levels of overall
erally considered as satisfactory or adequate (≥85%), when combined, may be inadequate
accuracy generally considered as satisfactory or adequate (≥85%), when combined, may
for accurate change detection [6]; an issue of particular concern for classes with low accube inadequate for accurate change detection [6]; an issue of particular concern for classes
racy [53].
with low accuracy [52].
Intensity Analysis is a quantitative method that allows for the inclusion of multiple
Intensity Analysis is a quantitative method that allows for the inclusion of multiple
time points in PCC to test the stationarity of land transitions [5]. Intensity Analysis allows
time points in PCC to test the stationarity of land transitions [5]. Intensity Analysis allows
for
for the
the assessment
assessment of
of land-change
land-change components
components of
of transition
transition and
and permanence
permanence [5,54]
[5,53] and
and
the
differentiation
of
systematic
land-change
processes
from
uniform
processes
the differentiation of systematic land-change processes from uniform processes [55,56].
[54,55].
Systematic
Systematic processes
processes of
of change
change are
are not
not due
due to
to aa merely
merely random
random or
or coincidental
coincidental event
event or
or
change;
change; instead,
instead, they
they are
are characterized
characterized by
by specific
specific processes,
processes, like
like aa category’s
category’s tendency
tendency to
to
gain
categories [56].
[57].
gain or
or lose
lose land
land area
area from
from other
other specific
specific categories
Intensity Analysis tests the stationarity of change on three different analysis levels:
the interval level, the category level, and the transition level. In the first level, the interval
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Intensity Analysis tests the stationarity of change on three different analysis levels: the
interval level, the category level, and the transition level. In the first level, the interval level
defines the speed and size of change relative to the time intervals; the second level describes
the relative activity of gross loss and gross changes at the categories level, defining dormant
versus active categories; the third level, the transition level, identifies if the gain of each
category targets or avoids the other categories. The uniform line’s position defines the
stationarity of the land-change processes across the three levels of analysis. Identifying
non-stationary land-change transitions across the time intervals may unveil some drivers,
or causal mechanisms [57], that might be responsible for the specific patterns of change
due to not merely random events [5].
The Intensity Analysis framework has been recently updated [58] to include the
Difference Components method and the Quantity and Allocation disagreement metrics [59].
Xie et al. (2020) [6] integrated Intensity Analysis with Difference Components and error
analysis in a unique framework to enable the evaluation of changes among LC classes and
distinguish possible errors among land transitions.
The transition matrices allowed to examine the components of land-change, including
gross Gains and gross Loss, Net change, Total change, and Swap. It has been noted
that studies with discussions limited only to Net change quantities may offer inaccurate
evaluations because the lack of Net change does not necessarily represent a lack of real
changes on the landscape [60]. Indeed, the Swap component of change among LC classes
in a landscape can be substantial without interfering on Net Change size. In the transition
matrix, the absolute value of Net change represents the difference between the total cover
of a specific class for the two time points, while the Total change can be expressed for each
category as the sum of the gains and losses or the sum of Net change and Swap. Swap can
be computed as the difference between Total change and the absolute Net change [60].
More recent updates have defined Net change as Quantity difference (or Quantity
disagreement) and Swap as Allocation difference (or Allocation disagreement) [61,62].
Quantity difference measures the amount of difference between two maps in terms of
unequal proportions of the categories; allocation difference analyzes differences in terms
of spatial allocations of the categories [62]. The metrics can be used to compare both the
differences between a reference map and a classified map in the context of error analysis in
LCCs or assess differences between two temporal maps to measure land change. Allocation
difference has been afterward expressed as the sum of two components: Exchange and
Shift [59]. Exchange represents the components of difference that occurs between two categories without modifying the size of either category; while Shift represents the components
of difference that is neither Quantity nor Exchange [58].
3. Materials and Methods
3.1. Study Area
The study area consists of 58,661 hectares of the Big Coal River’s headwaters in WV
(USA), and includes the two main tributary branches: Clear Fork and Marsh Fork (Figure 3).
The area is part of the Appalachian Plateau physiographic province, which is characterized
by drainage networks with dendritic shapes, deeply incised and dissected valleys, steep
slopes and a high degree of local relief, and narrow winding ridges [63]. The northern
portion of the study area consists of the Clear Fork catchment and the Mash Fork basin’s
lower and middle catchments. Land cover in this area is mainly characterized by forest
and surface mining-related classes and MTRVF sites. In the valley floors, built-up areas,
infrastructures, and industrial facilities used for coal processing, storage, and transport
are frequent.
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Figure 3. Map of the study area. Figure 3. Map of the study area.

The
southern part of the study area, consisting of the Upper Marsh Fork and Stephens
3.2. Data Collection and
Processing

Lake catchments, is a plateau with a noticeably different morphology than the rest of

All the LCCs
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based
pre-processing
geographic
object-based
image
the
study
area.on
It ahas
higher valley-bottom
elevations
but less
local analysis
relief. Land cover in
(GEOBIA) phasethis
[65,66].
The
from the
segmentation
which
part of
thevariables
study areaderived
is dominated
by open
areas withanalyses,
grasslands
and widespread
included ancillary
data
from
Landsat
satellites
and
digital
elevation
model
(DEM)
derivsettlements that densify to the East near the town of Beckley.
atives, were processed using machine learning (ML) supervised classification algorithms
in R [67]. The use of historical images in this study introduced further difficulties due to
the lack of spectral information in the primary databases and the limitations of building a
proper validation sample. Other difficulties arose from classifying specific LC classes, like
the scattered settlements (developed areas) and the fine-grain, linear patterns characteris-
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3.2. Data Collection and Processing
All the LCCs were based on a pre-processing geographic object-based image analysis
(GEOBIA) phase [64,65]. The variables derived from the segmentation analyses, which
included ancillary data from Landsat satellites and digital elevation model (DEM) derivatives, were processed using machine learning (ML) supervised classification algorithms
in R [66]. The use of historical images in this study introduced further difficulties due to
the lack of spectral information in the primary databases and the limitations of building a
proper validation sample. Other difficulties arose from classifying specific LC classes, like
the scattered settlements (developed areas) and the fine-grain, linear patterns characteristic
of the strip mining operations (barren land). The 2016 LCC was obtained from an existing
dataset of WV [44]. Each LCC included the error matrices and the number of samples
derived from the validation polygons used during the classification stages. The study also
included an intermediate post-processing phase conducted after the LCCs to reduce the
amount of misclassified areas from the maps before the Intensity Analysis stage.
3.2.1. The LCC of 1976
For the 1976 LCC, three datasets were used during the classification process. The
primary dataset consisted of an orthomosaic derived from 31 single black and white aerial
photographs obtained from the U.S. Geological Survey (USGS) collected in 1976 and 1977.
The high-resolution digital images (2 m) were derived from the original black-and-white
(BW) panchromatic film (V-F Panchromatic) [67]. The 3 m DEM for the 1976 classification
was produced from digital line graph (DLG) contour lines derived from 1:24,000 scale,
7.5 × 7.5 Minute Map Series Historical Topographic Maps that range from 1965 to 1969 [68].
The orthomosaic was obtained using the Imagine Photogrammetry add-on in Erdas Imagine v16.5 [69]. Ground points were derived from 1996 Digital Orthophoto Quarter Quads
(DOQQs) [67] as a reference for X and Y coordinates using points with recognizable locations, such as streets intersections and buildings; the heights (Z coordinates) were derived
from the 1965–1969 DEM included in the photogrammetric model. The final Total Image
Unit-Weight root mean square error (RMSE) for the orthomosaic was equal to 0.89 (meters).
Tonal and brightness differences were corrected using MosaicPro in Erdas Imagine. A
Landsat 1 Multispectral Scanner (MSS) image from 1976 (June 7) with four spectral bands
was obtained [68]. The band files were stacked to a single raster using the Layer Stack tool
in ERDAS Imagine.
The 1976 LC included six classes and was derived with a 2-m resolution (Table 1). The
general method used for the LCCs of 1976 and 1996 was based on a pre-processing GEOBIA
phase undertaken using eCognition [70]. Variables derived for each object during the segmentation analysis were provided as predictor variables for a ML supervised classification
in R using the caret package [71] with the ranger method [72]. To potentially improve
the classification performance, additional variables were obtained from the ancillary data
(satellite image and topographic derivatives). The 1976 LCC was based on an unbalanced
training dataset with 108 variables obtained with the multiresolution segmentation algorithm in eCognition. The validation sample was derived using a two-stage stratified cluster
random sampling design [46,73]. The sampling design process consisted of generating
random points throughout the study area extent; then, image objects intersecting these
points were selected to create the validation set. The objects were assigned to the closest
class by visual inspection of the 1976–1977 orthomosaic. The number of objects used for
the training and validation samples are reported in Table S5.
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Table 1. The 1976 land cover classes definition.
Class Name

Description

Barren

Non-vegetated areas generally associated with surface
mine features, strip-mining roads, spoil banks, coal
deposits, dump sites.

Deciduous forest

Areas dominated by broad-leaved trees and woodlands.

Evergreen forest

Areas dominated by evergreen trees. It can include
evergreen shrubs.

Low vegetation

Low vegetation areas such as grasslands, including
pastureland, agricultural fields, pastures, and croplands.

Developed areas

Areas dominated by mixed development, residential areas
and yards; areas characterized by impervious surface such
as roads and parking lots. It can also include industrial
complex and facilities used for coal processing.

Water

All waterbodies, including rivers, lakes, water ponds and
coal sludge impoundments.

The overall accuracy for the 1976 LCC was estimated at 95.0%. Table 2 reports the
error matrix for this classification with overall accuracy, user’s accuracy, and producer’s
accuracy [52]. The error matrix obtained in Ranger (Table S2) was converted to an Estimated
population Matrix using the PontiusMatrix42. Figure 4 reports the plots derived using
PontiusMatrix42 [74], including the false alarm (commission or false positive) and miss
(omission or false negative) components of error divided into the three parameters of
Quantity, Exchange and Shift disagreement. PontiusMatrix42 allowed estimation and
Comparison of the size of the errors to the size of the unbalanced samples used to validate
the LCC [6].
The barren class obtained the lowest producer’s accuracy of 89.7%; it presented the
largest miss quantity and exchange components. Confusion exists between this class and
the deciduous forest and developed areas. Deciduous forest obtained the largest false
alarm quantity. The low vegetation class tended to be overestimated; those errors were
present, especially in plateau areas characterized by low slope values where the importance
of the topographic variables, used in the classifier, decrease. The water class only captured
main waterbodies since rivers were generally too narrow to be distinguished.
Table 2. The error matrix for the classification of 1976. Values in the cells represent the number of objects, while accuracies
are reported with the percentage of land area.
Reference

Barren
Deciduous forest
Evergreen forest
Low vegetation
Developed areas
Water
Column tot.

131
11
0
0
4
0
146

Deciduous
Forest
1
52
0
2
0
0
55

Producer’s
accuracy (%)
(omission errors)

89.7

94.6

Classification

Barren

Evergreen
Forest
0
0
66
0
0
0
66

Low
Vegetation
0
0
0
54
0
0
54

Developed
Areas
1
0
0
1
53
0
55

100.0

100.0

96.4

15

Water
0
0
0
0
0
26
26
100.0

User’s Accuracy %
(Commission Errors)
133
98.5
63
82.5
66
100.0
57
94.7
57
93.9
26
100.0
Overall accuracy 95.0%

Row Tot.
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were prevalent. In contrast, commission errors characterized the water class. The classifier
overestimated the water class at the expense of barren dark and developed areas classes,
especially in the flatter plateau areas where slope and curvature variables derived from the
DEM had negligible effects.
3.2.3. The LCC of 2016
The classification of 2016 was derived from a high-resolution state LCC produced by
the Natural Resource Analysis Center (NRAC) of WV University in 2018. It is based on
the 2016 US Department of Agriculture National Agriculture Imagery Program (NAIP)
orthophotography and DEM derivatives obtained from the 10 m USGS National Elevation
Dataset (NED). The 2016 LCC has a 1-m resolution and six LC classes (Table 5). The
methods used to obtain the LCC have been fully described in Maxwell et al. (2019) [44].
The sample size with the number of training and validation objects is reported in Table S7.
The error matrix from Maxwell et al. (2019) [44] (Table S4) was converted to an Estimated
population Matrix using the PontiusMatrix42 (Table 6). The classes that presented lower
accuracies were barren, impervious, and developed areas. Confusion was reported between
the barren and impervious classes and among the mixed developed, low vegetation and
impervious classes. The plots obtained with the PontiusMatrix42 highlighted the false
alarm quantity component for the forest class, while for the low vegetation (grass) reported
large omission errors; for the mixed developed areas and barren classes, the exchange
components, relating to miss quantities, appeared to be dominant (Table 6, Figure 6).
Table 3. The 1996 land cover classes definition.
Class Name

Description

Barren clear

Non-vegetated areas generally not associated with impervious surface.
This class includes surface mine features and non-impervious roads.

Barren dark

Surface mining areas characterized by coal presence and large coal
deposits.

Deciduous forest

Areas dominated by broad-leaved trees and woodlands.

Evergreen forest

Areas dominated by evergreen trees. It can include evergreen shrubs.

Low vegetation

Low vegetation areas such as grasslands, including pastureland,
agricultural fields, pastures, and croplands.

Developed areas

It includes areas dominated by mixed development, residential areas
and yards; areas characterized by impervious surface such as roads and
parking lots. It can also include industrial complex generally used to
process coal.

Water

All waterbodies, including rivers, lakes, water impoundments and coal
sludge impoundments.

Table 4. The error matrix for the classification of 1996. Values in the cells represent the number of objects, while accuracies
are reported with the percentage of land area.

Classification

Reference
Barren
Clear

Barren
Dark

Deciduous
Forest

Evergreen
Forest

Low
Vegetation

Developed
Areas

Water

Barren clear
Barren dark
Deciduous forest
Evergreen forest
Low vegetation
Developed areas
Water
Column tot.

40
0
2
0
0
6
0
48

0
48
0
0
0
0
9
57

0
0
41
0
2
0
0
43

0
0
5
50
1
0
0
56

1
1
1
0
47
0
0
50

9
1
1
0
0
40
1
52

0
0
0
0
0
1
40
41

Producer’s accuracy
(%)
(omission errors)

83.3

84.2

95.4

89.3

94.0

76.9

97.6

17

User’s Accuracy %
(Commission
Errors)
50
80.0
50
96.0
50
82.0
50
100.0
50
94.0
47
85.1
50
80.0
Overall accuracy 88.2%

Row Tot.

Classificatio
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Deciduous forest
Evergreen forest
Low vegetation
Developed areas
Water
Column tot.
Producer’s accuracy (%)
(omission errors)

2
0
0
6
0
48

0
0
0
0
9
57

41
0
2
0
0
43

5
50
1
0
0
56

1
0
47
0
0
50

1
0
0
40
1
52

0
0
0
1
40
41

83.3

84.2

95.4

89.3

94.0

76.9

97.6

50
82.0
50
100.0
50
94.0
47
85.1
50
80.0
12 of 32
Overall accuracy 88.2%

5. Category
size errors
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5. Category
size errors
for 1996.
MissMiss
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false
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as as
number
ofof
observations.

2016classes definition.
Table 5.3.2.3.
The The
2016LCC
land of
cover

The classification of 2016 was derived from a high-resolution state LCC produced b
the Natural Resource AnalysisDescription
Center (NRAC) of WV University in 2018. It is based o
the
2016
US
Department
of
Agriculture
National
Agriculture
Imagery
Program (NAIP
Areas dominated by tall, woody vegetation and
mature forests.
This class
includes
forest and woodlands.

Class Name
Forest
Low vegetation

Low vegetation such as grasslands, pastureland, agricultural fields, and croplands.

Barren

Non-vegetated areas not associated with impervious surface. This class includes bare
soil, quarries, and surface mine features.

Water

All standing water, including rivers, streams, ponds, lakes, and impoundments.

Impervious surfaces

All areas dominated by impervious surface, such as road surfaces, parking lots, airport
runways, and buildings.

Mixed developed

Areas dominated by mixed development and mixed land cover, such as residential
areas, yards, and development.

Table 6. The error matrix for the classification of 2016. Values in the cells represent the number of objects, while accuracies
are reported with the percentage of land area.

Classification

Reference
Barren

Forest

Barren
Forest
Low vegetation
Impervious
Mixed developed
Water
Column total

66
11
74
18
0
1
170

4
19,826
84
5
47
18
19,984

Low
Vegetation
36
532
2873
31
84
4
3560

Producer’s
accuracy (%)
(omission errors)

38.8%

99.2%

80.7%

52
49
35
318
80
1
535

Mixed
Developed
1
131
80
31
304
1
548

59.4%

55.5%

Impervious

18

Water
4
13
0
22
2
163
204
79.9%

Row
User’s Accuracy
Total
(Commission Errors)
163
40.5%
20,562
96.4%
3146
91.3%
425
74.8%
517
58.8%
188
86.7%
Overall Accuracy: 96.2%
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StudyArea
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Land Cover
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Phase
post-processing phase
phase followed
LCCs
[51].
It consisted
of three
separate
steps: steps:
AApost-processing
followedthe
the
LCCs
[52].
It consisted
of three
separate
firstone
oneconcerned
concerned the
the
number
of classes
and and
resolution
to allow
thethe
first
the optimization
optimizationofof
the
number
of classes
resolution
to allow
their
comparison
during
the
change
detection
phase;
the
second
phase
focused
on
the
LCCs
their comparison during the change detection phase; the second phase focused on the
of 1976 and 1996, where misclassified portions of the maps were extensively remapped; a
LCCs of 1976 and 1996, where misclassified portions of the maps were extensively refinal step involved overlaying some vector data to improve the quality of the LCCs.
mapped; a final step involved overlaying some vector data to improve the quality of the
LCCs.
3.3.1. Optimizing Land Cover Classes and Resolution
The three LCCs were aggregated into five classes (Table 7) to allow their comparison.
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In the 1976 LCC the number of classes was brought from 6 to 5, aggregating the deciduous
deciduous forest class was merged with the evergreen forest. In the 2016 LCC, the number
forest and the evergreen forest classes. In the 1996 LCC, the number of classes was deof classes was decreased from 6 to 5; impervious and mixed developed classes were
creased
from 7 to 5. The barren-clear class was combined with barren-dark, and the deaggregated. All classes were aggregated and mapped following a consistent pattern to
ciduous
forest class was
merged
with the
avoid inconsistencies
among
the portions
of evergreen
the maps. forest. In the 2016 LCC, the number

of classes was decreased from 6 to 5; impervious and mixed developed classes were ag3.3.2. Analyzing
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and Figures 4–6) was followed by a visual inspection of the maps and correcting their
obvious
errors. The
maps were
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3.3.2.
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4 and 6, and Figures 4–6) was followed by a visual inspection of the maps and correcting
their obvious errors. The LCC maps were overlaid with their respective reference orthoimages to remove the most relevant misclassified areas; the areas misclassified by the
ML algorithms were reallocated to the more appropriate LC class.
In the 1976 LCC, particular attention was given to removing the barren class omission. A large miss quantity for the barren class in the 1976 LCC corresponded to most of
the false alarms reported for the deciduous forest class. Indeed, large exchange compo19 errors, like misclassification or misregistration, between a
nents may indicate systematic
couple of categories [59]. Another category that was improved in the 1976 LCC was the
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Table 7. Description of the classes adopted in the three LCCs after the post-processing phase.
Class Name

Description

Forest

Areas dominated by trees and woodlands.

Low vegetation

Low vegetation areas such as grasslands, including pastureland,
agricultural fields, pastures, and croplands.

Barren

Non-vegetated areas generally associated with surface mine
features, strip-mining roads, spoil banks, coal deposits, dump
sites.

Water

All waterbodies, including rivers, lakes, water impoundments
and coal sludge impoundments.

Developed areas

Areas dominated by mixed development, residential areas, and
yards; areas characterized by impervious surface such as roads
and parking lots. Industrial facilities generally used for coal
processing.

In the 1976 LCC, particular attention was given to removing the barren class omission.
A large miss quantity for the barren class in the 1976 LCC corresponded to most of the
false alarms reported for the deciduous forest class. Indeed, large exchange components
may indicate systematic errors, like misclassification or misregistration, between a couple
of categories [58]. Another category that was improved in the 1976 LCC was the lowvegetation class. It expressed a tendency to gain over the deciduous forest class; this
happened mainly in the plateau’s relatively flat areas, where slope variables had limited
importance in the classification.
In the 1996 LCC, errors between industrial areas and barren-dark and between barrenclear and developed areas classes were generally removed. Moreover, the water class
in this classification tended to be overestimated (commission errors), especially in the
plateau’s flat areas and in the presence of settlements in areas where the number of small
impoundments was increased.
Water was consistently remapped in the three LCCs. As previous studies experienced,
small water bodies in the region are difficult to map due to confusion with the shadows
generated by the forest class [44].
The developed areas class in the three LCCs was subjected to limited editing. Due
to the GEOBIA objects from which it was derived and the organization of the residential
settlements in the area, this class presented an inherent confusion, particularly with the
low-vegetation class. This inherent confusion was challenging to remove in the three
LCCs. Moreover, in the study area, abandonment processes in which vegetation often
gains on industrial settlement and built-up areas are not infrequent; they have also been
documented by specific studies carried out in the area [16]. Therefore, we suggest that the
transitions concerning the developed areas’ quantities should be considered with caution.
They may contain suspected amounts of error that are difficult to assess when combined
in multiple classifications. We will focus on this class more carefully in the results phase,
using the framework proposed by [6] and accompanying the results’ discussion with the
high-resolution aerial imagery’s visual assessment.
3.3.3. Overlaying Geospatial Data
A final phase consisted of overlaying the three LCCs with the same vector geospatial
data representing rivers and lakes. This step was necessary to define, within the threetimepoints, the main water bodies characterized by no change. Indeed, while no relevant
changes occurred in the main rivers during the 1976–2016 interval, considerable changes
involved the water class, such as the numerous coal sludge impoundments realized for
mining uses.
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Low vegetation areas such as grasslands, including pastureland, agLow vegetation
15 of 32
ricultural fields, pastures, and croplands.
Non-vegetated areas generally associated with surface mine feaBarren
tures, strip-mining roads, spoil banks, coal deposits, dump sites.
All
waterbodies, including rivers, lakes, water impoundments and
3.4. LCCs
Sizes Comparison
Water
coal sludge impoundments.
Table 7 reports the five classes adopted in the three LCCs, while Figure 7 reports
Areas
by mixed
development,
residential
areas,
the Developed
three LCC armaps after
thedominated
post-processing
phase
and a histogram
with
LC and
class size
yards;
areas
characterized
by
impervious
surface
such
as
roads
and the
comparisons.
Table
S8
reports
the
quantities
of
LC
classes
in
the
three
LCCs
after
eas
parking
lots.
Industrial
facilities
generally
used
for
coal
processing.
post-processing phase.

Land 2021, 10, x FOR PEER REVIEW

16 of 32

(a)

(b)

(c)

(d)

Figure
7. The
three
land
cover
classificationsafter
afterthe
the post-processing
post-processing phase:
2016;
(d)(d)
land
covers
Figure
7. The
three
land
cover
classifications
phase:(a)
(a)1976;
1976;(b)
(b)1996;
1996;(c)(c)
2016;
land
covers
quantities plot for 1976, 1996, 2016. Values are in hectares.
quantities plot for 1976, 1996, 2016. Values are in hectares.

4. Results
4.1. Land-Change and Multi-Level Intensity Analysis Results
The results of the two transition matrices, from 1976–1996 and 1996–2015, generated
from the LCM in TerrSet are reported in Tables 8 and 9. The rows of the matrices show
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3.5. Multi-Level Intensity Analysis and Difference Components
The intensity analysis relied on 1976, 1996, and 2016 LCCs obtained after the postprocessing phase. The three LCCs identify two intervals of 20 years for a total range of
40 years. The two transition matrices [58], from 1976–1996 and 1996–2016, were obtained
with the Land-Change Modeler (LCM) in TerrSet [76], the graphics used to describe land
transitions were derived using the intensity.analysis R package [77]. The graphics showing
the Difference Components of change (Quantity, Exchange, and Shift) were derived using
PontiusMatrix42 and PontiusMatrix41 [78]. The maps showing gains and losses were
derived using the crosstab raster generated with the LCM in TerrSet.
4. Results
4.1. Land-Change and Multi-Level Intensity Analysis Results
The results of the two transition matrices, from 1976–1996 and 1996–2015, generated
from the LCM in TerrSet are reported in Tables 8 and 9. The rows of the matrices show
the classes for the first time point while the columns show the classes for the second time
point. The transition matrix diagonal shows the persistence components, representing
the areas that did not experience any change. The values off the diagonal correspond to
transitions from one category into another. A row with gross loss and a column with gross
gain were added in both matrices; those values show the total of row or column minus
the persistence component. More details about calculation and matrix interpretation have
been given in [60]. Table 10 shows the values of Gross Loss (the sum of gross loss and
gross gains), Net change and Swap for the two intervals. Maps (Figure 8) show areas with
persistence, gains and losses for the two time intervals.
Table 8. The transition matrix of the Coal River head watershed from 1976 to 1996. Values are in hectares.
1996

Forest
Low vegetation
Barren
Water
Developed areas

45,586.4
3191.7
1910.8
5.6
451.2

Low
Vegetation
1255.4
1945.1
180.4
2.6
171.8

Total cover (1996)

51,145.8

3555.2

2209.9

321.8

1428.4

Gross gain

5559.4

1610.1

1859.4

62.0

973.0

1976

Forest

Barren

Water

1449.0
305.2
350.5
3.9
101.4

30.6
15.8
11.1
259.7
4.5

Developed
Areas
187.1
704.0
79.6
2.3
455.4

Total Cover
(1976)
48,508.4
6161.8
2532.5
274.1
1184.3

Gross Loss
2922.0
4216.7
2182.0
14.4
728.9
Total
change
10063.9

Table 9. The transition matrix of the Coal River head watershed from 1996 to 2016. Values are in hectares.
2016

Forest
Low vegetation
Barren
Water
Developed areas

47,452.0
1578.4
1642.0
22.7
476.4

Low
Vegetation
2057.0
1634.2
287.4
8.8
287.5

Total cover (2016)

51,170.7

4275.0

1600.8

325.6

1289.2

Gross gain

3719.5

2640.7

1408.3

52.0

670.8

1996

Forest

Barren

Water

1259.6
94.7
192.5
13.1
40.8

31.8
4.3
10.5
273.6
5.3

Developed
Areas
346.2
243.5
77.5
3.6
618.4

22

Total Cover
(1996)
51,145.8
3555.2
2209.9
321.8
1428.4

Gross Loss
3694.6
1921.0
2017.4
48.2
810.1
Total
change
8491.3
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Table 10. Total Change, Net Change, and Swap values for the two intervals. Values are in hectares.
1976–1996

1996–2016

Gross Loss

Absolute Value of
Net Change
(Quantity
Difference)

Total Change
(Quantity Difference
+ Allocation
Difference)

Swap (or
Allocation
Difference)

Gross Loss

Absolute Value of
Net Change
(Quantity
Difference)

Total Change
(Quantity Difference
+ Allocation
Difference)

Swap
(Allocation
Difference)

Forest
Low vegetation
Barren
Water
Developed areas

2922.0
4216.7
2182.0
14.4
728.9

2637.4
2606.6
322.6
47.7
244.2

8481.4
5826.8
4041.3
76.4
1701.9

5844.0
3220.1
3718.8
28.7
1457.7

3694.6
1921.0
2017.4
48.2
810.1

24.8
719.8
609.2
3.8
139.2

7414.1
4561.7
3425. 7
100.2
1480.9

7389.3
3842.0
2816.5
96.4
1341.6

Total

10,063.9

5858.4

20,127.7

14,269.4

8491.3

1496.8

16,982.5

15,485.7

As percentage of
the study area

17.2%

14.5%

23

1996

Low vegetation
Barren
Water
Developed areas
Land 2021, 10, 748
Total cover
(2016)
Gross gain

1578.4
1642.0
22.7
476.4

1634.2
287.4
8.8
287.5

94.7
192.5
13.1
40.8

4.3
10.5
273.6
5.3

243.5
77.5
3.6
618.4

3555.2
2209.9
321.8
1428.4

1921.0
2017.4
48.2
810.1

51,170.7

4275.0

1600.8

325.6

1289.2

Total change

3719.5

2640.7

1408.3

52.0

670.8

8491.3
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At the first level of the intensity analysis, the interval level, it is possible to observe
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the annual change rate in 1976–1996 as relatively faster, while the annual change rate of
1996–2016 is relatively slower when compared to uniform (Figure 9). Overall processes
Land 2021, 10, x FOR PEER REVIEW of change at the interval level are not stationary since they have a different annual
19rate
of 32
of change.
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quantity (Figure 11). The annual change intensity of the developed areas highlights intense processes of change associated with this class. Compared to the previous time interval, this class expresses a slight contraction in terms of size, with the annual loss size relatively larger than the annual gain. Moreover, processes of gain and loss are now less
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At the category level, during the 1976–1996 interval, the largest gain is reported by
forest, while the low vegetation class has the most extensive gross loss. Even though the
forest category has the largest gross gain (5559.4 ha), forest is dormant in both loss and
gain due to the class’s large domain dimension. The most intense change is expressed by
the barren class, with loss size almost equal to the gain size. The substantial Exchange
components in this class highlight swap processes among categories, pointing at the processes of reclamation of the strip-mining from barren to forest for the losses, and mostly
to the new emerging MTR operations for the new gains. The developed areas class expresses an active behavior, with almost equal annual gains and losses. Even in this case,
the Exchange component is the most extensive one, indicating that potential errors may
(a)
(b) with the annual losses larger
characterize
this class [59]. The low vegetation class is active,
than the annual gains. The large Exchange quantities (Figure 11) highlight consistent substitution processes, but the class is characterized by a significative loss Quantity component. Finally, the latter category that expresses an active behavior in this interval is the
water class; it is active only in terms of gain. It is worth remembering that the water category includes coal sludge impoundments, which overall number and size in the region
considerably increased after SMCRA (1977).
During the second time interval, from 1996 to 2016, barren class, developed areas,
low vegetation, and water classes confirmed their active behavior. Forest remains a
dormant class even if it has the most considerable annual change in annual loss and annual gain. Forest maintains its constant growth trend, although the size of losses is greatly
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At the category level, during the 1976–1996 interval, the largest gain is reported by
forest, while the low vegetation class has the most extensive gross loss. Even though the
forest category has the largest gross gain (5559.4 ha), forest is dormant in both loss and
gain due to the class’s large domain dimension. The most intense change is expressed by
the barren class, with loss size almost equal to the gain size. The substantial Exchange
components in this class highlight swap processes among categories, pointing at the
processes of reclamation of the strip-mining from barren to forest for the losses, and
mostly to the new emerging MTR operations for the new gains. The developed areas
class expresses an active behavior, with almost equal annual gains and losses. Even in
this case, the Exchange component is the most extensive one, indicating that potential
(a)
(b)class is active, with the annual
errors may characterize this class [58]. The low vegetation
losses larger than the annual gains. The large Exchange quantities (Figure 11) highlight
consistent substitution processes, but the class is characterized by a significative loss
Quantity component. Finally, the latter category that expresses an active behavior in this
interval is the water class; it is active only in terms of gain. It is worth remembering that
the water category includes coal sludge impoundments, which overall number and size in
the region considerably increased after SMCRA (1977).
During the second time interval, from 1996 to 2016, barren class, developed areas, low
vegetation, and water classes confirmed their active behavior. Forest remains a dormant
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class even if it has the most considerable annual change in annual loss and annual gain.
Forest maintains its constant growth trend, although the size of losses is greatly increased
compared to the previous time interval, mainly due to the new MTR operations that
occurred in this time interval. Low vegetation registered a considerable increase in terms of
size, while the intensity of annual gains is larger than the annual losses. This behavior is the
opposite of the one registered in the previous phase. This process can be attributed to the
large new MTR operations, where the artificial grasslands emerge as an effect of the SMCRA
reclamation processes. The barren class has the absolute highest annual change intensity,
not only in this time interval but also when compared to the previous one, highlighting that
very intense changes characterize this class. Its absolute size is diminished due to larger
gross losses. The large exchange component indicates processes of substitution within
this class are dominant in this time interval when compared to net quantity (Figure 11).
The annual change intensity of the developed areas highlights intense processes of change
associated with this class. Compared to the previous time interval, this class expresses a
slight contraction in terms of size, with the annual loss size relatively larger than the annual
gain. Moreover, processes of gain and loss are now less intense and with an opposite
behavior. Overall Net Change reports that developed areas now appear to be shrinking
after the relative growth registered in the previous interval, indicating an inverse trend
that may be suspicious. Water has almost an equal balance in terms of loss and gain, very
close to a uniform behavior, with a slightly positive annual gain change intensity. On
the category level, gain and loss processes are stationary during both time intervals for
all classes except water. The stationary processes occur when the behavior of gains and
losses intensity, compared to the uniform line, is constant across the time intervals. Water
class behavior in terms of loss is not stationary; in the first time interval, it has a dormant
behavior, while in the second interval, it has an active behavior.
At the third level of the intensity analysis, the transition level, only the most noteworthy results have been reported to examine the gains of some classes and recognize classes
targeted in both intervals. Some results were omitted since errors may affect the size of
some categories and affect the analysis at this level.
The annual transition size for the forest gain in both intervals was mainly obtained at
the expenses of grass and barren land (Figure 12). All the transitions are stationary. While
forest targeted barren class in both time intervals, it avoided low vegetation, developed
areas, and water. It is worthwhile to mention that even though the low vegetation class
experienced large losses due to forest growth, it was not targeted by the forest class. On
the contrary, barren land is targeted by forest in both time intervals. In the case of forest
gaining from low vegetation, it appears as an avoiding pattern that can be attributable to an
overall expansion of forest at the expense of the generally neighboring low vegetation class.
While in the case of forest gaining from barren class, it can be attributed to the intentional
reclamation processes that characterize the strip mining areas after 1977 (SMCRA) that
were generally recolonized by forest.
In the case of the low vegetation class, during both time intervals, the size of the
transitions from forest to low vegetation was the largest one. This process can be attributed
to the new MTRVF operations concentrated in formerly forested mountain ridges, replaced
by new artificial grasslands. Nevertheless, in both time intervals, the most targeted category
by grass in terms of annual transition intensity was the developed areas (Figure 13),
highlighting potential processes of abandoning. These results are nonetheless suspicious
since the developed area class presents an inherent error component. It is difficult to define
how much of this class was targeted because of abandonment processes and settlement
reshaping or because the intrinsic confusion derived from the LCCs. Further investigations
are possible by conducting visual comparisons of the high-resolution images.
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Figure 11. (a) Category size changes 1976–1996; (b) difference size changes 1976–1996; (c) category size changes 1996–2016;
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(d) difference size changes 1996–2016. Sizes are in ha.
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Figure 12. Annual gain transitions of forest class during 1976–1996 and 1996–2016; (a) annual transition size for gain of
forest during 1976–1996; (b) annual transition intensity for gain of forest during 1976–1996; (c) annual transition size for
gain of forest during 1996–2016; annual transition intensity for gain of forest during 1996–2016 (d).

In the case of the low vegetation class, during both time intervals, the size of the transitions from forest to low vegetation was the largest one. This process can be attributed to
the new MTRVF operations concentrated in formerly forested mountain ridges, replaced
by new artificial grasslands. Nevertheless, in both time intervals, the most targeted category by grass in terms of annual transition intensity was the developed areas (Figure 13),
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where a component of vegetation with trees or grasses is always present in the geo-objects.
It was difficult to isolate and remove this error, even in the post-processing phase, due to
its intrinsic characteristics.
Finally, other errors were derived from the supervised classification phase, where
the classifier tended to reproduce commission and omission errors depending on the
classification problem and the specific dataset. The errors derived from the classifiers were
reported in the LCCs sections. Those errors were generally consistently removed in the
post-processing phase, but still, some errors may persist.
The framework proposed by Xie et al. (2020) [6] compares the error size of the
classifications to the size of change derived from the land-change study. We utilized this
approach to estimate the developed areas class’s errors by comparing the land change
quantities derived from the LCCs of 1976 and 1996 to the estimation derived from the land
change results of 1976–1996. Indeed, we suspect that this class may include the largest
quantity of errors concerning its size for the reasons above mentioned.
The size of temporal difference (total amount of change) between 1976 and 1996 is
equal to 17.2% of the study area (Table 10). The 1976 LCC reported an overall error of
around 5.0% (Table 2), while for the LCC of 1996, the overall error was equal to 11.8%
(Table 4). Therefore, not all of the difference during the time interval 1976–1996 is real
change. In the LCC of 1976, the developed areas class had user’s accuracy (commission)
equal to 93.9% (commission error equal to 6.1%) and producer’s accuracy (omission) equal
to 96.4% (omission error equal to 3.6%); the commission error was larger than the omission
error, then the map overestimated this category. On the contrary, in the classification of the
1996 omission errors (23.1%) of the developed areas class was larger than commission error
(14.9%). Therefore, the category was underestimated.
The gross gains in 1996 for the developed areas class were equal to 973 ha. The
exchange component in the developed areas class during 1976–1996 (Figure 11d), which
generally highlights most of the errors derived from misclassifications and misregistration [58], was equal to 882 ha. The difference between these two quantities indicates that
even in the worst scenario where all the Exchange quantities were errors, the developed
areas class during the interval 1976–1996 was gaining. Figure 15a–c reports the LCCs’ category level errors intensity before the post-processing phase and estimated as a percentage
of the validation objects. Graphics were obtained with PontiusMatrix41; the uniform line
in the figures represents the overall LCC error [6].
Nonetheless, it should be noted that the gaining of developed areas expresses the
overall tendency of the class at the scale of the study area. It does not mean that, during
this temporal interval, there was a uniform tendency of built-up areas in gaining across
all the catchments of our study area; instead, we should expect opposite trends of contraction and expansion, but still, overall, the class experienced gain. In the LCC of 2016,
developed areas were classified with relatively low accuracies (58.8% user’s accuracy and
55.5% of producer’s accuracy); therefore, we should expect that during the second time
interval (1996–2016), there were more errors in land transitions that include this class.
During 1996–2016, the developed areas reported gross loss larger than gross gains. It
indicates built-up areas were shrinking; this inversion may point at potential abandonment
processes that can be supported by the fact that low-vegetation targeted the developed
class during this interval, as shown by the intensity analysis (Figure 13d). Nevertheless,
the transitions are suspicious, even because of the large Exchange component, equal to
1268 ha (Figure 11d). More details about changes in this class are reported in the discussion
sections, where inferences were derived from the observation of historical maps, LCCs,
and high-resolution imagery.
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The integrated framework of Intensity Analysis and Difference Components, through
a group of free and accessible tools, enables researchers to consider the components of
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errors and assess whether those errors may affect the results of the temporal analyses. The
method makes it possible to exercise control over the error in land-change analysis based
on PCC, encouraging the recognition of the more intense processes of change.
5.2. Landscape Transitions in the Coal River Headwaters
The findings revealed that the land change processes derived through the analysis of
five relevant LC classes were not limited to surface mining sites and industrial facilities.
Although coal mining has been the dominant driver of change in the region [7], its legacies
on the landscape have interacted with other dynamics that are the outcome of previous
and enduring socio-ecological processes.
Intensity analysis allowed us to compare the rate of change of the two time intervals
(1976–1996, 1996–2016), showing us how, during the first interval, land-change processes
were faster since they involved a larger percentage of change.
At the category level, forest class gained mainly during the first time interval with
transitions characterized by different intensity levels. The barren class was continuously
targeted by forest across the two intervals. A large part of this new forest grew over the
former strip-mining barren areas; a process that is clearly distinguished by the LCCs and
the high-resolution photographs. The intensity analysis highlights the non-uniform nature
of this process, distinguishing it from a simple random event. The possible explanation
identifies it as the outcome of intentional reclamation stages initiated before or after the
SMCRA enactment. Limited information is available about the characteristic of these
forested areas grown on barren mining land. In 1951 a USDA report [29] examined 105
plots in WV, describing the occurrence of natural tree and shrub species that generally
spread out in the strip-mine spoils areas and above the overburdens. In those plots, black
locusts were the most widespread trees, followed by red maples, black cherries, and
sassafrasses. These reclamation processes were similar to those described by Townsend
et al. (2009) [7] in areas where MTR never occurred.
During the first time interval, the low-vegetation class was the largest class from which
forest gained, while during the second interval, it was the second larger one. Nevertheless,
in both time intervals of the intensity analysis, the forest class did not target the lowvegetation class. Moreover, our results did not report any relevant forest growth within
the surface mining permits of MTR operations [90]; these areas in the 2016 LCC are
predominantly characterized by barren and low-vegetation classes.
During the first time interval (1976–1996), we observed an overall transition from
barren to forest class that generally occurred on former strip-mining areas that were
already mined in 1976–1977. During 1996, inside the permit boundaries, reclamation
processes of former strip mining areas often occurred in conjunction with new surface
minings. These new operations already presented the characters of the large surface mining
operations typical of MTRVF, with dominant barren, low-vegetation, and water (sludge
impoundments) classes. In the 2016 LCC, the areas characterized by MTRVF operations
became much more considerable. The expansion of these areas occurred both on the
predominantly undisturbed mountain ridges covered by forest and the former strip-mining
areas characterized by ongoing reclamation processes and young trees. This study confirms
that the areas characterized by former surface mines can be distinguished into at least two
broad groups. The first group consists of the former strip-mining areas on which the forest
class has apparently assumed stable characters; the second group is characterized mainly
by MTRVF areas, which may overlap with previous mining operations. These operations
are characterized by “remining” practices generally allowed because the reclamation was
considered not completed [36]. Further considerations and in-depth studies could be based
on more detailed information derived from the analysis of the mining permit boundaries
since they generally present very articulated developments.
It is worth noting that the overall quantity of barren land from 1976 to 2016 diminished
by approximately 37% in the study area. The loss of grasslands in the valley floors and
the plateau was paradoxically compensated by the newly reclaimed areas, where novel
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ecosystems [91,92] characterized by poor topsoils spread with non-native and fast-growing
grasses [93] emerged as outcome of the regulatory reclamation processes. Moreover, surface
mines’ distribution changed from a spatially sprawled and more superficial one to a more
compacted and deeper pattern. Recent studies based on DEMs measured the geological
magnitude of these processes on a regional scale [23].
With regard to the general contraction of the low vegetated areas, it is worth noting
that this process should not be directly ascribed only to coal mining. Indeed, it should
probably be seen in continuity with the overall agricultural land abandonment processes
reported in the Appalachian region at least from 1910 [94]. Among the variety of factors
reported, the stagnation of farm productivity in Appalachia [15] and the decline of the
traditional forest farming system [95] should be seen as those responsible for facilitating
the introduction of new competitive practices of land use and the acquisition of land by
the extractive industries of wood and coal.
The changes observed in the civilian and industrial settlements (the developed areas
LC class) were articulated and followed fluctuating dynamics within the different subcatchments of the study area. Even though this study presents some limitations due to the
intrinsic fuzziness reported in classifying this category, it is worth reporting some patterns
of changes in this class, because of the overall lack of studies conducted with similar
methods in this region. The settlements’ dynamics of contraction and expansion in the area
were mainly related to the economic cycles of growth and recession followed by the coal
industry. During the interval 1880–1930, the first phase of rapid industrialization required
labor to sustain the growth of coal industries [96]. Coal companies created several new
towns in the Southern Appalachia, called company towns or coal towns. Following the mid1920s, the coal industries bust contributed to the company towns’ progressive decline and,
after the 1950s, to their definitive closure and dismantling [97]. During 1950–1970, WV lost
13% of the population [98]. The intensification of coal production regained strength after
1962, with the second phase of strip-mining intensification after 1970 [96]. Nevertheless,
the population numbers in most old towns connected to the coal economy never regained
the values reached during the first industrialization phase. Moreover, the intensification
of surface mining operations led to consistent effects for the settlements located in the
valley floors that experienced “the devastating externalities of coal mining” ([96], p. 28).
As emerged from the intensity analysis, during both intervals (1976–1996 and 1996–2016),
developed areas were the most targeted class by low vegetation. We already reported that
this effect could be attributed to the fuzziness between low-vegetation and the developed
areas class. Nevertheless, processes in which settlements were partially substituted by
low vegetation class due to their abandonment or dismantlement have been recently
documented in the study area [16]. In the lower catchments of the study area characterized
by surface mining activities, we observed a pattern of settlement densification in the
proximity of the most downstream areas. Settlement abandonment processes characterized
the areas near the stream’s headwaters and closer to surface mining operations. On the
contrary, in the plateau area, close to the town of Beckley, the developed areas class
was characterized by a constant gain, with a more vigorous intensity during the first
time interval. Here, the widespread phenomenon of suburbanization observed in the US
and the more suitable landscape morphology may explain the processes of settlement
intensification [99,100]. By way of example, the process of establishment and abandonment
of the settlement of Montcoal during the interval 1912–2016 is reported in Figures S1 and
S2 together with some detailed images derived from the LC maps. The settlement was
established with the opening of a mine in Montcoal Mountain in 1916; it was one of the
leading coal towns founded in the Coal River’s headwaters [96,97].
6. Conclusions
This article combined Intensity Analysis, Difference Components, and error analysis
to assess land change processes applying a previous framework [6]. Additionally, this
study provided three LCCs with accuracies assessments. The results confirm the method’s
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validity and reliability. Its application demonstrated that not all the temporal changes
in the study area indicate actual landscape change. Moreover, the framework coupled
with category accuracies from the historical classifications provided more in-depth details
about how errors may propagate. The findings of this study allowed us to improve the
characterization of the study area, deriving specific LC transitions and classes, like those
described for the reclamation processes, and improving previous limited information about
the land change processes before and after the SMCRA enactment in the region in 1977.
Our study detected that the extent of disturbed land by surface mining in the study area
increased by 38.9% compared to previous research.
The combined framework of Intensity Analysis and Difference Components allowed
us to isolate and discuss suspicious transitions. A further step to the proposed approach, to
produce a more complete framework, would be to integrate an additional error assessment
phase following the LCCs post-processing. This would help to further detail all suspicious
transitions and provide a more comprehensive quantitative assessment after the postprocessing phase, which, although improved the overall accuracy, introduced an additional
degree of indeterminacy. In addition, we suggest that given the multiplicity of co-occurring
land-change dynamics and drivers generally present in the landscape, further analyses
should include the comparison of different regions, catchments, or watersheds, to derive
specific trends of growth or shrinkage and aggregate statistics using different spatial zones;
some studies used this method using Intensity Analysis [81,84].
Information derived by land change studies can be of great importance for natural
resource managers and future planning phases. It allows the characterization of large areas
and the definition of historic-based and spatially explicit datasets. These data can inform
models that can assess or readdress the efficacy of specific policies and inform conservation
and natural resource management. In addition, assessing the analysis of the response
produced by the socio-technological [101,102] reclamation practices can help in analyzing
possible institutional failures or the achievements of specific policies [103].
Our study confirms the importance of land-change studies based on high-resolution
and spatially explicit datasets. Indeed, detailed spatial scales of analysis may disclose
details about overall landscape dynamics that characterize large regions. In the case presented, anthropogenic processes profoundly influenced the environmental and ecological
dynamics of the study area, including relevant changes in ecosystem services provision,
carbon sequestration, soil degradation, hydrologic cycles, water quality, habitat integrity,
and biodiversity loss [104,105]. The study demonstrated the importance of site-specific
studies and land-change analyses when dealing with deeply altered and fragile landscapes
where human-based drivers, and not only the environmental gradients, have been responsible for changes that profoundly altered the landscape, its morphology, and the ecosystem
structure and composition.
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classification of 1996 obtained with the Ranger package in R. Table S4: The error matrix for the
classification of 2019. Table S5: Number of training and validation objects for the LC classification
of 1976. Table S6: Number of training and validation objects for the LC classification of 1996. Table
S7: Number of training and validation objects for the LC classification of 2016. Table S8: Quantities
derived from the three land cover classifications. Table S9: Comparison of the overall surface mining
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Figure S3: Comparison of the distribution of the two cumulative datasets.
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Table S1. Synoptic table of remote sensing and land change studies concerning surface mining in the Central Appalachian
Region.
Research
(Slonecker & Berger,
2001) [1]

Objectives
Review of remote sensing
methods applied to MTM

Main area of interest
Area location and extent,
geomorphological aspects,
land use, vegetation and
reclamation, water quality

Method used

Spatial scale of analysis

Literature review.

Appalachia, particularly
WV and Kentucky.

Programmed decision
tree in C

Map extents of surfaces
mining and mines
reclamation. Land change
analysis among three classes

Remote sensing
classification and watershed
hydrology

Comparison of NAIP
orthophotography and
RapidEye satellite imagery

Land cover classification of
surface mining reclamation

Machine learning (RF,
SVMs) NAIP and
RapidEye data

Hobet-12 mine

Differentiate mine-reclaimed
grassland from spectrally
similar land covers

Mine–reclaimed grasslands

GEOBIA and machine
learning (RF, SVMs),
topographic data as
ancillary data

Three watersheds in
southern WV

Oliphant et al. (2016)
[5]

Map invasive species

Reclaimed mining areas

Machine learning (RF,
SVMs) with training data

567 km2, area is inside
mining permits only

Ross, McGlynn, &
Bernhardt (2016) [6]

Estimation of the total
volumetric and topographic
disturbance associated with
mining

Environmental studies,
environmental impact of
MTR

Elevation change using
historic pre-mining DEM
and post-mining DEM

∼11 500 km2 area,
southern coalfields of
WV

Pericak et al. (2018)
[7]

Land use classification on a
regional scale, correlation
with coal production.
Technique based on open
data and easily accessible
technology

Evaluation and trend of
surface mining extents in
the Central Appalachians
Region

NDVI calculation with
time series and Google
Earth Engine

Regional Scale, Central
Appalachians,74
counties, 83000 km2

Yang et al. (2018) [8]

How vegetation reclaimed
after mining activities. The
trend of vegetation recover
(integrity index).

Surface mines reclamation

NDVI signatures and
times series trajectoriesbased analyses

Two counties

Townsend et al.
(2009) [2]

Maxwell et al. (2014)
[3]

Maxwell & Warner
(2015) [4]
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(with ancillary data, and
several spectral index like
NDVI)

Eight river basins (not
contiguous, two groups)
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Table S2. The error matrix for the classification of 1976 obtained with the Ranger package in R. Values in the
cells represent the number of objects, while accuracies are reported with the percentage of land area.

Classification

Reference
Barren

Deciduou
s forest

Evergreen
forest

Low
vegetation

Developed
areas

Water

Row
tot.

User's accuracy %
(Commission
Errors)

Barren

116

1

0

0

1

0

118

98.3

Deciduous forest

13

60

0

0

0

0

73

82.2

Evergreen forest

0

0

66

0

0

0

66

100.0

Low Vegetation

0

2

0

57

1

0

60

95.0

Developed areas

4

0

0

0

55

0

59

93.2

Water

0

0

0

0

0

26

26

100.0

Column tot

133

63

66

57

57

26

Producer's
accuracy (%)
(Omission Errors)

87.2

95.2

100.0

100.00

96.5

100.0

Overall accuracy 94.5%

Table S3. The error matrix for the classification of 1996 obtained with the Ranger package in R. Values in the
cells represent the number of objects, while accuracies are reported with the percentage of land area.

Classification

Reference

Barren clear
Barren dark
Deciduous forest
Evergreen forest
Low Vegetation
Developed areas
Water
Column tot.
Producer's accuracy (%)
(Omission Errors)

Barren
clear

Barren
dark

43
0
2
0
0
5
0
50

0
39
0
0
0
0
11
50

Decidu
ous
forest
0
0
48
0
2
0
0
50

86.0

78.0

96.0

Evergre
en
forest
0
0
6
43
1
0
0
50

Low
vegetatio
n
1
1
1
0
47
0
0
50

86.0

94.0

Developed
areas

Water

10
1
1
0
0
34
1
47

0
0
0
0
0
1
49
50

72.3

98.0

Row
tot.

User's accuracy %
(Commission Errors)

54
79.6
41
95.1
58
82.8
43
100.0
50
94.0
40
85.0
61
80.3
Overall accuracy 87.3%

Table S4. The error matrix for the classification of 2019, from Maxwell et al. (2019) [9]. Values in the cells
represent the number of objects, while accuracies are reported with the percentage of land area.
Reference
Barren

Forest

Low
Imperviou Mixed
Water Row Total
vegetation
s
developed

Land 2021, 10, 748. https://doi.org/10.3390/land10070748

User’s Accuracy
(Commission
Errors)

www.mdpi.com/journal/land
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Barren

75

4

41

59

1

5

185

37.6%

Forest

11

20420

548

50

135

13

21177

98.0%

Low Vegetation

63

72

2452

30

68

0

2685

94.0%

Impervious

12

3

20

207

20

14

276

78.9%

Mixed Developed

0

45

81

77

292

2

497

61.7%

Water

1

17

4

1

1

154

178

96.4%

Column Total

162

20561

3146

424

517

188

Overall Accuracy: 96.7%

Producer’s
Accuracy (%)
(Omission Errors)

5.1%

99.4%

85.8%

56.8%

61.4%

97.9%

Table S5. Number of training and validation objects for the LC classification of 1976.
Class name

number of training
objects

number of validation
objects

Barren

194

133

Deciduous Forest

386

63

Evergreen forest

131

66

Low Vegetation

113

57

Developed areas

122

57

Water

25

26

Total # of points

971

402

Table S6. Number of training and validation objects for the LC classification of 1996.
Class name

number of training objects

number of validation
objects

Barren clear

104

50

Barren dark

62

50

Deciduous Forest

456

50

Evergreen forest

128

50

Low Vegetation

67

50

Developed areas

73

47

Water

152

50

Total # of points

1042

347

Table S7. Number of training and validation objects for the LC classification of 2016.
Class name

number of training
objects

number of validation
objects

Forest

13347

20561

Low Vegetation

13353

3146

Barren

1056

162

Water

1098

188

Impervious

1205

424

Mixed Developed

1022

517
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Total # of points

31081

24998

Table S8. The quantities derived from the three land cover classifications used
in the land-change analysis after the post-processing phase. Quantities are
expressed in hectares and cells values (square meters).
Classes

1976

1996

2016

cells

Ha

cells

Ha

cells

Ha

Forest

485084244

48508.4

511458142

51145.8

511706592

51170.7

Low vegetation

61618287

6161.8

35552080

3555.2

42749707

4275

Barren

25324948

2532.5

22099261

2209.9

16007616

1600.8

Water

2740910

274.1

3217569

321.8

3255575

325.6

Developed areas

11842685

1184.3

14284295

1428.4

12891884

1289.2
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Example of the process of establishment and abandonment of the settlement of Montcoal
during the interval 1912-2016.
By way of example, the process of establishment and abandonment of the settlement of Montcoal
during the interval 1912-2016 is reported in Figures S1-S2 together with some detailed images derived
by the LC maps. The settlement was established with the opening of a mine in Montcoal Mountain
in 1916; it was one of the leading coal towns [10] founded in the Coal River's headwaters [11]. Figures
S1-S2 are exemplificative of the land-change processes; they also present the LCCs on a more detailed
scale.

Figure S1. Comparison of historical maps, orthoimages, and LC maps. (a) part of the USGS 1:62500
Quadrangle for Bald Knob, WV 1912; (b) part of the USGS 1:62500 Quadrangle for Bald Knob, WV 1928; (c)
part of the orthomosaic derived from 1976-1977 USGS aerial images; (d) a detail of the landcover produced for
1976.

Land 2021, 10, 748. https://doi.org/10.3390/land10070748

www.mdpi.com/journal/land

43

Land 2021, 10, 748

6 of 9

Land 2021, 10, 748. https://doi.org/10.3390/land10070748

www.mdpi.com/journal/land

44

Land 2021, 10, 748

7 of 9

Figure S2. Comparison of historical maps, orthoimages, and LC maps (a) part of the DOQ NIR of 1996 mosaic;
(b) part of the classification of 1996; (c) NAIP image of 2016; (d) detail of the land cover of 2016.

Comparison of surface mining extents
The following section presents a comparison of the overall estimation of surface mining areas derived
from this study with the findings of Pericak et al. (2018) [7]. The surface mining areas based on the
SkyTruth data were derived from the cumulative yearly dataset from 1976 to 2016 [7]. These data
were combined in three time-points to allow the comparison with the data used in this study.
The surface mining areas derived from the three LCCs produced in this study were combined,
adopting the following criteria. The surface mines from 1976 LCC coincided with the overall size of
barren land. For the mining areas of 1996, only the barren and the low vegetation LC classes inside
the mining permits were considered; the data obtained were overlaid with the barren land from 1976.
For the 2016 data, barren and low vegetation classes were considered only for areas inside the mining
permits. This dataset was overlaid with the cumulative set derived from 1996.
The results suggested that the SkyTruth study generally underestimated the surface mining extents
derived before 1977, probably because the thin strip-minings patterns were hardly detectable by the
early Landsat satellites. This hypothesis is coherent with the limitations authors declared in their
findings for the data before 1985. For 1996, when excluding the amount of mining areas derived from
the previous dataset of 1976, the quantities estimated in the two studies are very similar with a
difference of about 26 hectares. For 2016, when excluding the amount of mining areas derived from
the previous dataset of 1996, the SkyTruth is larger; it is worth mentioning that their data are not
limited to mining permits. Compared with the SkyTruth data, the findings in this study reported a
39% increase of the overall disturbed land mainly derived from pre-SMCRA surface mine; it
corresponds to a difference of 1708.8 hectares (Table S7, Figure S3). The region's mining history
suggests that similar findings can be expected in the neighboring watersheds, specifically the WV
coal counties and the central Appalachian coalfields, where MTM operations are spread out. Overall
conclusions imply it should be reasonable to expect an amount of historically disturbed land in the
Central Appalachia region more extensive than the one measured by Pericak et al. (2018) [7].

Table S9. Comparison of the overall surface mining areas.
Hectares of surfaces mining
1976

1996

2016

2514.2

3689.9

6096.9

SkyTruth

154.0

1303.8

4388.1

Difference

2360.2

2386.0

1708.8

Current study
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Figure S3. Comparison of the distribution of the two cumulative datasets.
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ABSTRACT

ARTICLE HISTORY

This study analyzed the interactions among a set of ecosystem services (ES) and derived ES
bundles in the Headwaters of Coal River West Virginia (WV), in the Central Appalachians, an area
historically characterized by surface mining and coal extraction. ES were modeled using the
InVEST system, while a custom model was used to link water quality to freshwater ES, deriving
information at two different spatial scales based on hydrologic units. High-resolution remote
sensing data (1–2 m resolution) were used to incorporate historical information from land-cover
(LC) transitions since 1976 to differentiate reclamation processes and characterize the forest class.
Consistent ES tradeoffs were confirmed in areas characterized by surface mining processes that
reported significant losses of carbon sequestration, habitat quality , and freshwater ES. The
interaction of complex anthropogenic processes within the specific landscape led to the defini
tion of different ES bundles, characterized not only by coal mining processes but also by the
distribution of settlements and developed areas. The utilization of relatively small hydrologic
catchments (1–25 km2), the comparison with a more extensive set of spatial units, and the
inclusion of high-resolution data with multiple LC classes that included historical information,
allowed the authors to infer knowledge about the interactions between ES changes and their
drivers in the study area. The results can be used to implement conservation, as well as
development-restoration strategies, by including ES assessments to promote a more sustainable
land management approach in the rural-mining region of Central Appalachians and support
future alternatives to extractive economies.
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regulating services, and cultural services are barely
associated in traditional economies with explicit mar
ket values, and so in industrial societies, they were
generally overlooked and traditionally poorly mana
ged (Costanza et al. 2017). Agriculture and urban
activities have long been reported as leading causes
of increased nutrients like nitrogen (N) and phos
phorus (P) and the aquatic ecosystems’ impairment
(Carpenter et al. 1998).
In the case of mining regions, the extraction of
depletable abiotic natural stocks or assets (e.g.
mineral deposits, coal, oil, and gas), has often led to
decreases in carbon sequestration (C), N and P pools,
flood control and biodiversity protection (Simmons
et al. 2008; Heather et al. 2011). A recent review of
mining impacts on ES (Boldy et al. 2021) revealed
a need to improve the inconsistencies that exist in
defining and assessing ES when performing compar
isons across studies. Boldy et al. (2021) pointed to the
lack of comparisons between short-term and longterm impacts on ES after the rehabilitation of mining
areas, and suggested the use of ES metrics that clearly

The progressive anthropization of the terrestrial bio
sphere, driven in its latest phase by industrialization
processes, has led to widespread alterations in the
Earth’s biomes and ecosystems (Crutzen 2002; Ellis
2011). Land-use change processes have mostly been
driven by urbanization and natural resources man
agement practices guided by extractive economies.
The global demand for ecosystem goods and services,
generally derived by non-sustainable management
practices, such as traditional intensive agriculture,
deforestation, and mining, has led to tradeoffs
among ecosystem services (ES), and especially
between provisioning and regulating, cultural and
habitat services (Foley et al. 2005; Carpenter et al.
2009). While provisioning services (food, fiber, fish
eries or timber provision) are generally well perceived
by individuals and markets because they are com
monly associated with direct economic values, other
ES, like habitat services, regulating services, or cul
tural services, are traditionally not easily perceived by
people and institutions. Indeed, habitat services,
CONTACT Vincenzo Cribari
vincenzo.cribari@gmail.com
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address mining impacts that could affect human
wellbeing.
In the Central Appalachian mountains, where sur
face coal mining represented the primary driver of
landscape change (Townsend et al. 2009), a general
impairment of carbon storage, watershed and water
quality protection ES was found in former surface
mining areas (Zipper et al. 2011). Significant losses
of habitat functions were caused by the obliteration of
perennial and ephemeral streams in mountaintop
mining (MTM) areas, where inadequate ecological
restoration has been generally conducted (Palmer
and Hondula 2014). Other studies in rural-mining
areas of Ohio (USA) reported that historical miningtype uses were not positively correlated with recrea
tional uses, like cabins and forest tourism (Munroe
et al. 2017). Mishra et al. (2012) quantified relevant
economic impairments to recreational activities due
to the presence of abandoned mined land (AML),
high reclamation costs, and water quality problems
associated with coal-mining damages. These results
confirmed how substantial losses of regulating and
cultural services affect human wellbeing and, ulti
mately, the sustainability and diversification of future
economic activities (Rodríguez et al. 2006).
Energy companies have conducted studies on
land-use tradeoffs and ES to assess future uses of
large post-reclaimed areas in Ohio. They included
different requests among the company’s stakeholders,
encompassing both ecological protection uses and
demands of economic development. Among the
alternatives, authors reported oil and gas develop
ment using hydraulic fracturing (‘fracking’), timber
harvesting through sustainable forestry, specialized
habitats like wetlands associated with compensation
credits, pasturing with managed pasture leasing, crop
production, real estate sales, and future solar devel
opment (Lohner et al. 2019). Studies conducted in
Kentucky (US) have analyzed the distribution of ES
interactions and bundles at the county level (Bai et al.
2021), as well as the discussion of the overall ES
benefits derived from the application of widespread
forestry-based reclamation approaches (Zipper et al.
2011) at the watershed scale (Gurung et al. 2018).
Both studies reported limited information in differ
entiating relevant socio-ecological drivers, like surface
mining, and their interactions with ES delivery and
changes across the study areas analyzed.
As the ES framework gradually grew and consoli
dated, crucial elements for its implementation have
been identified in the development of methods used
to explain the mechanisms of interaction and associa
tion among multiple ES (Foley et al. 2005; MEA 2005;
Carpenter et al. 2009), and in understanding the
relationships between ES and the different social
and biophysical drivers that characterize their distri
bution and change (Mouchet et al. 2014; Bennett

et al. 2015). Such methods can be relevant in under
standing the flow of ES among beneficiaries
(Villamagna et al. 2013), and their spatial allocation
within different social-ecological systems (SES) to
correctly address the target areas for shaping relevant
policies and avoid scale mismatches problems
(Cumming et al. 2006). Even the use of ES tradeoffs,
to indicate mechanisms of exchange between ES, has
often been reported in the literature with generic or
misleading uses (Mouchet et al. 2014). To avoid mis
interpretations, we adopted the following definitions
provided by Bennett et al. (2009). Interactions among
ES relationships can be characterized by tradeoffs,
defined as inverse variation between two ES (one
service increases and the other decreases), as well as
by synergies when both services increase (i.e. multi
functionality) or decrease (Bennett et al. 2009). When
analyzing changes in ES interactions, the spatial and
temporal scales are both relevant (Rodríguez et al.
2006). Land-changes typically occur over time with
different intensities and spatial changes generally
affecting not only gross quantity differences but also
allocation quantities (Aldwaik and Pontius 2012;
Pontius 2019; Cribari et al. 2021). These changes in
the landscape may affect ES delivery, flow, and capa
city across the land and beneficiaries (Villamagna
et al. 2013), even within individual spatial units
such as municipalities or small catchments.
Raudsepp-Hearne et al. (2010) proposed a method
to quantitatively identify bundles of ES, defined as
‘sets of services that appear together repeatedly’. The
method used a multiple correlation analysis (MCA)
to identify ES tradeoffs and synergies and a cluster
analysis based on partitioning approaches and
K-means clustering for defining the ES bundles. The
ES values were obtained combining several existing
social and ecological datasets, mostly from provincial
and national government database, and derived at the
municipal level using 144 Canadian municipalities.
The authors reported the association of drivers with
ES in qualitative terms suggesting that the inclusion
or discussion of specific subsystems (i.e. ‘drivers,
feedbacks, and management schemes’) may allow
for the identification of critical interactions among
ES on the landscape.
This study aims at extending the method devel
oped by Raudsepp-Hearne et al. (2010) in a ruralmining region of the Central Appalachians to analyze
ES interactions and identify ES bundles. The study
area consists of the Headwaters of the Coal River, the
first river in West Virginia where coal was found by
European settlers in 1742 and began to be mined
shortly after (Eggleston 1975). This area has been
characterized by intense mining activities, industrial
and post-industrial land uses, counteracting processes
of settlements growth and abandonment, severe
environmental pollution with relevant habitat losses,
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systems of former mountain ridges, are replaced by
novel anthropogenic ecosystems (Morse et al. 2016):
new fast-growing grasslands on now flattened topareas emerge as a combined effect of the Surface
Mining Control and Reclamation Act (SMCRA,
30 U.S.C. §1201).
Moreover, the effects of pre-SMCRA operations
often coinhabit or may overlap within the same
areas. As a consequence, vegetated or forested areas
in different reclamation or successional phases may
coexist in the same catchments of the study area
(Cribari et al. 2021). These sites in transitional stages
can derive as an effect of former strip-mining recla
mation processes (before SMCRA) or may include
forest stands recovering from clear cuts. These early
forest stands can also fluctuate in an ‘arrested’ stage
of succession due to the combined effects of degraded
forest ecosystems and invasive species (Skousen and
Zipper 2014; Dellinger and Eric 2021). These areas
can still deliver ES, but they were subjected to intense
alterations. As a result, the conditions of forest stands
and soils, and the ES, cannot be compared to those of
the second succession forest (Holl 2002, 2020;
Simmons et al. 2008; Fox et al. 2020), recognized as
the dominant ecosystem in Central Appalachians
(Butler et al. 2015).

novel ecosystems, and by multiple reclamation pro
cesses that often spatially overlap in the landscape
being the outcomes of activities that occurred during
different temporal intervals (Cribari et al. 2021). This
study extends the current research by using spatially
explicit ES models that combine fine-resolution data
sets (5–30 m) with historical information and ES
assessments conducted at the local scale (RaudseppHearne and Peterson 2016; Roces-Díaz et al. 2018).
This study emphasizes freshwater ES by including
metrics that can link ES change to human wellbeing.
Secondly, we seek to understand if the knowledge of
ES interactions could help in addressing conservation
policies and strategies in working landscapes charac
terized by mining legacies. Our work continues the
use of emphasizing ES in restoration ecology (Palmer
et al. 2016) since it can be used to validate many of
the natural systems projects and funding for land
scape restoration and reclamation to aid investments
and policymakers.

2. Materials and methods
2.1. Human-environment interactions in the
rural-mining region of Central Appalachians
The rural-mining region of the Central Appalachians
is characterized by relevant land-change processes
driven by social and technological transitions (Geels
2002) occurred during the last century and a half to
fuel the industrialization phases of the US economy
(Davis 2000; Marley 2016). The effects of extractive
industries characterize large tracts of the region’s
landscape, from the almost complete substitution of
the original mixed mesophytic forests to the indus
trial cycles of coal mining and gas fracking (Staniscia
et al. 2020). In the region where mountain top
removal and valley fills (MTR, MTRVF) operations
are diffused, like in the Southern Coalfields of West
Virginia, several cumulative impacts interact.
Environmental impacts generated by coal extraction
(Bernhardt and Palmer 2011; Wickham et al. 2013)
may coinhabit within other stressors driven by
human activities that bring to additive effects on the
landscape and with in-stream biotic conditions
(Merriam et al. 2011). Even when the reclamation
can be considered completed by the regulatory agen
cies on specific mining permits, MTRVF areas still
produce adverse effects in their surroundings, like
stream impairment, acid mine drainage, invasive spe
cies, and large coal sludge impoundments, to cite
a few (Epstein et al. 2011). In the MTRVF areas,
land degradation problems assume a geological
event’s scale since the evolutionary clock of ecosys
tems is de facto reset (Ross et al. 2016), bringing to
a substantial ‘regime shift’ of ecosystems (Folke et al.
2004). Entire forested areas, including the hydrologic

2.2. The Headwaters of West Virginia Coal River:
features and available datasets
The study area corresponds with the Headwaters of
the Coal River (WV) and its two main branches: the
Clear Fork and the Marsh Fork. The Hydrologic Unit
Code 12 (HUC-12) (Seaber et al. 1985) catchments
with the highest mean elevation (674 m.) correspond
to a plateau characterized in the past by agricultural
uses, now shaped by small settlements, suburban
areas, and open fields mixed with woods marked by
the presence of former mining facilities. The settle
ments become denser in the proximity to the town of
Beckley (WV). The remaining part of the watershed
is characterized by mountains with the highest eleva
tions around 1000 meters, with steep slopes and
narrow winding ridges: the dendritic and deeply
incised valleys characteristic of the Appalachian
Plateaus physiographic province (Ehlke et al. 1982).
In these catchments, mountains are mainly character
ized by forested areas and surface mining operations,
while valley floors are characterized by small settle
ments, coal processing facilities, and infrastructures.
The area is composed of six HUC-12s, covering
a total of 58,661 hectares (586.61 km2). The HUC-12s
have been subdivided into 89 smaller hydrologic
units, named Custom Hydrologic Units (CHUs),
derived from the freshwater ES (FwES) model and
stream data. CHU’s size range from a minimum of
122.6 to a maximum of 2432.4 hectares. The average
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determining the ES selection and modeling phases
(MEA 2005; Ostrom 2007; Grêt-Regamey et al. 2014).

area of CHUs is around 660 hectares, highlighting
a spatial scale that is equivalent to what other ES
studies defined as a size ranging between the local
and the municipality scale of analysis (RaudseppHearne and Peterson 2016; Roces-Díaz et al. 2018).
The importance of conducting small-scale studies
that combine detailed ES models with assessments
and interactions at broader scales has been previously
noted (Nelson et al. 2009), although most studies
focused on ES assessments at larger scales, from
municipality, to county and regional scales (Pandeya
et al. 2016; Spake et al. 2017; Roces-Díaz et al. 2018).
Indeed, the scale of analysis at the site or local level,
which may include explicit heterogeneous landscape
data, can be crucial in understanding interactions and
feedbacks with critical human and biophysical drivers
(Turner and Gardner 2015).
Information from three different land cover classi
fications (LCC), analyzed in a land-change study
during a time interval of 40 years (Cribari et al.
2021), has been used to incorporate the temporal
data used in the InVEST ES models (Sharp et al.
2020). The main LCC used in the models was derived
from a 1-m resolution, six-class LCC realized in 2016
for the WV state (Maxwell et al. 2019). This dataset
was implemented with information derived from two
historical LCCs, from 1976 and 1996, obtained with
remote sensing methods that include accuracies
assessments (Cribari et al. 2021). LC transitions
were derived from the land-change study to incorpo
rate the differentiation of forest and vegetation classes
based on distinct ages and characterize surface
mining reclamation processes before and after the
SMCRA enactment, identifying landscape patterns
otherwise not reported or visible in the traditional
datasets available (Cribari et al. 2021). Data from the
visual interpretation of specific classes and from other
sources was also included (Table S1) in the final LCC
that comprised 14 classes (Figure 1). This LCC, that
generally represents the main dataset used in the
InVEST models, was downsampled in the different
ES models using geospatial rasters with resolution
ranging from 5 to 15 m. This spatial resolution
range allowed us to preserve spatial information,
like the former tiny patterns of strip-mining opera
tions contained in the rasters, without affecting the
variance that fine-resolution data provide and conse
quently the results of the ES models (Grêt-Regamey
et al. 2014). Moreover, the land-change analysis con
ducted in the same study area of this research pro
vided relevant information for identifying the main
drivers associated with landscape legacies and
changes and understanding important historical and
socio-ecological dynamics of the region (Cribari et al.
2021). Indeed, the previous knowledge of the socialecological system has been considered fundamental
to support the understanding of mechanisms for

2.3. ES models
Eight ES were considered in this study. The ES mod
els have been selected by including metrics that can
effectively represent the most relevant socioecological processes underway in the study area.
Specific attention has been given to addressing issues
related to the impairment of freshwater ES in the
region, mainly derived by the impacts of mining
activities (Merriam et al. 2011). Both groups of ES,
those modeled in InVEST and those derived by
a custom model used for the freshwater ES, have
been chosen using standard criteria and replicable
methods.
In the case of the freshwater ES, they were defined
by operationalizing a theoretical method and
a cascade system defined by Keeler et al. (2012).
The approach proposed linked the freshwater ES to
standardized notations used for reporting water qual
ity data concerning USA national-level policies
derived from the Clean Water Act of 1972 (CWA,
33 USC §1252). Since the freshwater ES were derived
from ecological baselines metrics, they were used to
directly determine how changes in ES affect human
well-being, with assessments not limited to the scale
of mining sites (that government agencies have tra
ditionally used to evaluate permits issues), but con
sidering ES changes across larger areas that include
ES beneficiaries. Thus, the two sets of ES models used
in this research should facilitate the comparison of ES
results with those from studies conducted in mining
contexts, as indicated by Boldy et al. (2021), or be
replicated in other research were anthropogenic sig
natures and not only the environmental gradients are
relevant.
2.3.1. Habitat quality
The InVEST HQ model is generally used to sup
port environmental policies in decision-making and
conservation
planning
contexts.
Using
a deterministic spatial approach, the HQ model
can represent a first phase for conservation assess
ments, or be used as an alternative to models
designed to assess biodiversity richness based on
species-based approaches (Nelson et al. 2011;
Terrado et al. 2016; Di Febbraro et al. 2018). The
HQ model is often proposed as a proxy to derive
information about biodiversity. However, due to its
similarities with habitat integrity models based on
the assessments of environmental stressors
(Theobald 2013), its use can embrace the assess
ment of landscape’s ecological integrity (Liquete
et al. 2016). It is worth noting that the integration
of biodiversity assessments into the ES framework
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Figure 1. Study area: land cover and spatial units delineation.

is an active field of research since conceptual
incongruities arise when habitat services are
included into decision-making frameworks to oper
ationalize the use of ES (Kumar 2010; HainesYoung and Potschin 2018). For this reason, some
authors suggested to clarify the use of these types
of models to differentiate the overall ecosystem
conditions like in general analyses of biodiversity,
from the assessment of specific ES, like in the case
of habitat nurseries (Liquete et al. 2016).

The proposed model characterizes the distur
bance of LC classes representative of specific eco
systems by integrating the terrestrial stressors and
the historical data derived from the land-change
study, like the former strip-mining areas in recla
mation stages (Cribari et al. 2021). It allows for
the mapping of the most pristine and less dis
turbed area, consistently with the available data,
and compare those areas with the other ES
mapped in this study. The model’s parameters
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Figure 2. Ecosystem Services maps obtained in InVEST.

parameters derived from the literature and adapted to
each specific class. Due to the conditions of reclaimed
soils and reforested mine sites, to estimate the final pools,
different values have been combined using several
sources (Sperow 2006; Avera et al. 2015).
For forest stands, carbon pools values have been
mainly derived from the Eastern US forest stands
data (Smith et al. 2006). Different stands ages have
been considered to model carbon sequestration (C)
for the forest reclaimed classes. Since there is no
differentiation of tree species composition available
for the study area, the values were derived using the
regional estimation for the Northeast US forest for

used to define the threats (Table S2) and the
sensitivity of land cover (Table S3) have been
derived from the literature of similar studies and
adapted to the study area.
2.3.2. Carbon storage and sequestration
The Carbon Storage and Sequestration model in InVEST
is based on the estimation of carbon density in four
carbon pools (aboveground biomass, belowground bio
mass, soil, and dead matter), following a method analog
to the one used in the Intergovernmental Panel on
Climate Change (Eggleston et al. 2006). The four carbon
pools have been estimated for the LC classes using

55

ECOSYSTEMS AND PEOPLE

195

(Sharp et al. 2020). The complete list of the data used
in the model, as well as the references used to derive
the metrics, are reported in the supplementary
materials.

timber volume and carbon stocks on forest grown
after clear-cuts. The values have been averaged from
the three more common forest stands: the aspenbirch, the maple-beech-birch, and the oak-hickory
stand (Smith et al. 2006).
For each forest class, it has been considered
a different forest stand age derived from the histor
ical datasets (Table S4). Since Smith et al. (2006) did
not provide biomass measures (C_below), for below
ground biomass it has been used as an estimate equal
to the 25% of the total tree (Ravindranath and
Ostwald 2008). To estimate the carbon pool
(C_soil) for soil reclaimed classes, the estimations
provided for the WV soils (Sperow 2006) were
applied to 20 years, and 40 year age reclaimed soils.
The soil values obtained are consistent with those
found from studies conducted on mining sites
where data showed that mineral soil C values were
less than 30% compared to unmined spots in the
same area (Avera et al. 2015). The Carbon Storage
and Sequestration model is the only InVEST model
used in this study that can be compared with a tiertwo modeling. Indeed, tier-two InVEST models are
generally able to address more detailed information
with greater spatial and temporal heterogeneity and
the generation of more refined estimates (Tallis and
Polasky 2011).

2.3.4. Visitation: recreation and tourism
The InVEST Recreation and Tourism (RT) model was
used to include the evaluation of cultural ES provided
by the landscape natural features in the study area.
Previous studies demonstrated how the number of
geotagged photographs derived from social media
data can be successfully used as a suitable proxy to
measure outdoor recreation and nature-based tourism
(Wood et al. 2013). Some adjustments have been made
to adapt the RT model due to some limitations, some
inherent with the model, like user characteristics and
preferences (Tenerelli et al. 2017; Foltête et al. 2020),
and some related with the content of the Flickrderived content data for the study area. With refer
ences to the study area data, the main limitation was
associated with the content of the geotagged photos
uploaded on the Flickr platform. Indeed, several
images within the study area presented contents not
related to this study’s purpose. To avoid this restric
tion, the RT model was used to derive the total num
ber of images at the CHU spatial level during the time
interval 2005–2017. The outliers were then removed
through a content analysis assessment of the photo
graphs; only contents related to the natural landscape’s
cultural and recreational uses were selected. The num
ber of images used (Table S6) and some examples
about the images selected (Figure S1) are provided in
the supplementary materials.

2.3.3. Sediment delivery ratio
The Sediment Delivery Ratio (SDR) model in InVEST
is generally applied to estimate the landscape’s sedi
ment retention capacity and the regulating ES used to
evaluate erosion control and water protection services
at the watershed scale (Sharp et al. 2020). The SDR
model derives from the Revised Universal Soil Loss
Equation (RUSLE) proposed by Borselli et al.
(Borselli et al. 2008). The model generates different
outputs. Keeler et al. (2012) suggested that in the
assessment of watershed services and ES payment
projects, the delineation and understanding of multi
ple ES is fundamental for a complete evaluation of
water services and that the use of the most suitable
biophysical metric should be adapted to the purposes
of the specific study. The complex interactions of
pollutants in the study area and the profound altera
tions conducted on the hydrological cycle by under
ground and surface mining operations (Lindberg
et al. 2011; U.S. EPA 2011; Miller and Zégre 2014;
Nippgen et al. 2017) represent a significant limitation
for exhaustive application of this model to satisfac
tory understand the relationships among waterrelated ES. For this reason, the model has been used
to conduct an overall assessment of sediment reten
tion services on a tier 1 level (Tallis and Polasky
2009) using two outputs: the total amount of sedi
ment exported to the stream per watershed, and the
total amount of potential soil loss in each watershed

2.3.5. Freshwater ES
A custom model was explicitly defined to replicate
the broad range of pollutants interactions that affect
freshwater ES (Postel and Carpenter 1997) in the
study area. The custom model applies the theoretical
framework proposed by Keeler et al. (2012) to
a spatial model organized at the landscape scale to
map the freshwater ES.
Previous studies suggested that the economic values
of freshwater resources to humans can be affected by
changes in water quality (Freeman 2003). Even the
existence of a close affinity between the Water
Designated Uses, from the U.S. Clean Water Act of
1972, and the final ES derived from freshwaters
resources has been previously reported (Stevenson
and Smol 2015; Copeland 2016; U.S. EPA 2016);
while some suggested an update of the legal framework
provided in the Clean Water Act in order to integrate it
with the recent ES framework (Ruhl 2010). The frame
work proposed by Keeler et al. (2012) explicitly links
how changes in water quality, measured through spe
cific biophysical metrics or other methods, may affect
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data (polylines) to their catchments (polygons) was
defined. The model associates the value of freshwater
ES in each CHU directly from the main stream’s catch
ment conditions. An example of the process used to
derive the CHU and the data used to derive the hydro
DEM are included in the additional materials (Figure
S2, S3). A final consideration regards that several catch
ments are not independent of each other since they
may result as a function of the upstream CHUs. To
make this condition explicit in the model, the degree of
nestedness in the CHUs was mapped considering the
number of streams flowing into each catchment
(Figure S4).

different freshwater ES with effects on goods, economic
values and beneficiaries.
In the freshwater ES model, the Affected
Designated Uses (ADU) of water bodies are derived
from the impaired waters state list approved by the
US Environment Protection Agency (EPA) in 2019
(WVDEP 2016). The waterbody’s quality is deter
mined by the presence or absence of a specific cri
terion’s threshold values in the ADU list. The
criteria include the presence of dissolved metals
(iron, aluminum, and selenium), fecal coliform bac
teria, and other biological impairments (Table S7).
The WVDEP (2016) report combined information
derived from different sources. Consequently, the
information provided at the streams scale doesn’t
follow a uniform spatial scale or HUC, but it fol
lows the coding derived from river tracts mapped
with uniform values. Four freshwater ES have been
directly derived from the ADU list. When a specific
criterion exceeds the acceptable threshold, the
model considers the relative ES as not delivered.
Therefore, the model does not quantify ES magni
tude and is limited to the spatially binary mapping
of ES, providing only the presence or absence of the
specific ES at the CHU spatial level. In this way, the
model adapts existing water quality information by
linking it to the ES framework (Table S8). This
approach for defining ES values has been presented
in Villamagna et al. (2013). In the study, the
authors described how ecological thresholds could
determine the ecosystem’s capacity to provide
a service and if the service is acceptable or is too
degraded.
The CHUs were defined using hydrological model
ing in a GIS environment based on a flow accumula
tion grid with 10 m cells. First, the river sections
characterized by uniform data have been aggregated
into single units. A flow direction and accumulation
grid derived from a hydrologically corrected digital
elevation model (Strager et al. 2010) was used to derive
the catchments relative to each stream or river section.
Afterwards, using the hydrologic grid, each stream has
been associated with a catchment. In this way,
a univocal direct spatial relation that links the streams

2.4. Analyzing ES interactions
Different methods were applied to investigate ES’s rela
tionships derived from the models’ outputs using two
different spatial unit sets to aggregate the variables’
values: the CHU and the HUC-12 level. The ES models’
variables used in the multivariate statistics were derived
from spatial rasters with different distributions (Table 1).
The ES models’ outputs were obtained from the
raster maps using mean values extracted with the
Zonal Statistics commands in ArcGIS. The data
from the ES models have been normalized (0–1) to
allow the comparisons among the different ES vari
ables using the highest scores, like in formula (1) as
suggested by Geneletti et al. (2018).
nscore ¼

score
highest score

(1)

2.4.1. Multiple correlations
Two multiple correlations analyses (MCA) were con
ducted to examine tradeoffs and synergies among ES,
while polar plots and histograms were used to visualize
ES’s interactions (Foley et al. 2005). The main MCA
was based on the outputs of eight ES models with mean
values derived from the 89 CHUs. All ES values were
normalized using (1), except values from the freshwater
ES that were reported with dummy variables.
Spearman’s correlation coefficient was used for the
MCA based on CHUs since the variables were obtained

Table 1. Data used for the CHU model.
ES models
InVEST Models (3.8)

Model type

Habitat Quality

Biophysical
model
Carbon Storage and Sequestration
Biophysical
model
Sediment Delivery Ratio
Biophysical
model
Visitation: recreation and tourism
Web data
Freshwater ES Custom Model (FwES) Support of aquatic life
Mixed data
Water contact and recreation
Mixed data
Water supply for human consumption Mixed data
Agricultural and Industrial Uses
Mixed data
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Indicator

Spatial
Distribution

Habitat Quality

Continuous

Total Carbon

Discrete

Sediment Export
Soil Losses
Number of geotagged images.
Aquatic life
Water Contact & Recreation
Water Supply
Water Uses

Continuous
Continuous
Discrete
Discrete-Binary
Discrete-Binary
Discrete-Binary
Discrete-Binary
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appropriate number of ES bundles (RaudseppHearne et al. 2010; Spake et al. 2017) and introdu
cing a validation phase, generally reported in clus
tering methods (Everitt et al. 2011; Kabacoff 2015).
Since the medoids corresponded to central observa
tions in groups classified by specific ES thresholds,
they were used to characterize and discuss each ES
bundle. Finally, the spatial autocorrelation of the ES
bundles was tested using Global Moran’s I (Getis
and Ord 1992) with inverse distance (ESRI 2020).

from mixed distributions (Kabacoff 2015; Spake et al.
2017). Scatter plot matrices were created using the
Psych package (Revelle 2020) in R (R Core Team
2020) to derive the strength and sign of correlation.
The second MCA, and the polar plots, were obtained
using average ES values derived from the raster maps
using the six HUC-12 units; the average values were
then normalized using (1) to allow their comparison.
Polar plots were obtained with the ggplot2 package
(Wickham 2016) in R. The second MCA was included
to understand what limitations could affect ES results
after the spatial aggregation (using larger spatial units)
and the normalization of the outputs.

3. Results
3.1. ES models and polar plots

2.4.2. ES bundles
A partitioning cluster analysis was conducted to identify
the bundles of ES, following the approach introduced
by Raudsepp-Hearne et al. (2010). The cluster analysis
was performed using the 89 CHUs. Due to data derived
from mixed distributions, the partitioning around
medoids (PAM) method (Kaufman and Rousseeuw
1987) was used within the Cluster package (Maechler
et al. 2019) in R. It is worth noting that, unlike
K-means, medoids correspond to actual observations
located at the most central points within each cluster.
Since the PAM method is not based on the use of
means, it is less sensitive to outliers (Kassambara 2017).
Cluster validity is probably the most common
problem of clustering in unsupervised learning algo
rithms and consists in determining the optimal num
ber of clusters in a dataset (Halkidi et al. 2001; Lantz
2015; Manly and Alberto 2017). Different clustering
validation techniques can be used to validate different
solutions (Halkidi et al. 2001; Lantz 2015) or avoid
nonexistent clusters (Kabacoff 2015). We applied the
silhouette method (Rousseeuw 1987; Kaufman and
Rousseeuw 2005) to determine the optimal number
of clusters, using the package factoextra (Kassambara
and Mundt 2020) in R. The algorithm calculates
a silhouette score (average silhouette width) based
on multiple clusters in a dataset. The optimal number
of groups is identified using a validity graph and
comparing the number of clusters (k) with the aver
age silhouette width. The highest average silhouette
width indicates the optimal number of clusters (Malik
and Tuckfield 2019).
After we defined the optimal number of clusters,
we compared maps with different clustering solu
tions, to visually assess how changes in the number
of ES bundles could explain the information derived
from the overall knowledge of the landscape. This
approach supported the qualitative interpretation of
the drivers (Mouchet et al. 2014) that was explicitly
acknowledged utilizing the detailed information
contained in the high-resolution LCC. The metho
dology was applied to overcome some of the limita
tions generally reported for determining the

Figures 2 and 3 display the maps with the results of
the ES models. While Table 2 and the polar plots
(Figure 4) present the results derived using the
HUC-12 spatial units. Table 2 shows the results
before the normalization based on (1), while in
Figure 4 the values have been normalized.
The polar plots (Figure 4) show significant differ
ences between the two groups of watersheds character
ized or not by the presence of MTR sites. Substantial
tradeoffs in the HUC-12 catchments with MTR sites
occur between ES derived from the SDR model out
puts, Sediment Export (SE) and Soil Loss (SL), and
the second group of ES formed by habitat services
(Habitat Quality and Aquatic Life). Carbon
Sequestration (C) in these catchments is still generally
high due to the prevalence of forest classes, but average
values are lower than other catchments. Recreation ES
appears to be significantly higher in one sub-watershed
due to the lake’s presence that emerges as an essential
visitor’s attractor within the entire study area.
The results of the freshwater ES in the polar plots
(Figure 4) should be interpreted with care and read
together with the maps (Figure 3) and the average values
presented in Table 2. In this case, we found that the
normalization phase can lead to contradictory interpre
tations of the results. Indeed, freshwater ES exhibits
overall poor levels of delivery in the whole study area.
However, due to the combined effects of normalization
and spatial aggregation (MAUP effect), the freshwater
ES are reported with relatively high absolute values in
the polar plots. Therefore, an incomplete reading of the
results, in this case, may lead to misleading interpreta
tions. More details are given in the discussion section.
3.2. Multiple correlations
The MCA conducted at the CHU level identified 28
possible pairs of ES, with 18 pairs significantly corre
lated. The scatterplot matrix (Figure 5) shows the
results of the MCA and the strength of correlation
between pairs of ES. Six ES pairs were highly corre
lated (Spearman coefficient, r ≥ .5 and p < .001), five
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Figure 3. Freshwater Ecosystem Services obtained with the custom model.

pairs were moderately correlated (Spearman coeffi
cient, r ≥ .3 and p < .01), and seven pairs were weakly
correlated (r < .3 and p < .05).
SE and SL values were strongly correlated (r = .98),
identifying a strong interaction between soil losses
and the amount of sediments reaching the stream at
the CHU spatial level. Significant ES tradeoffs were
identified between SE and SL, and almost all the
other ES. SE and SL showed a statistically highly
significant negative correlation (P < .001) with HQ
(r = – .70, r = .75) and with C (r = – .56, r = .51).
They were negatively correlated with almost the
entire set of aquatic ES, except WOU values since it
did not produce any significant result due to the
almost uniform dataset with few variations.

The MCA identified significant negative trade
offs between coal extraction from MTR sites,
expressed by the highest values of SE and SL at
the CHU level, and the entire set of ES services,
from supporting ES, to regulating, provisioning,
and cultural ES. In terms of ES synergies, the
MCA model identified statistically highly signifi
cant positive correlation (P < .001) between AL
and WS (r = .50), C and HQ (r = .45), WCR and
WS (r = .43), HQ and AL (r = .35). Those synergies
identified potentially positive interactions among
ES, indicating that multifunctional processes are
active in some catchments across the landscape.
MCA results based on data at the HUC-12 scale
were reported in Figures S5.
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–
1.00
1.00
0.99
0.94
1.00
mean values (no units)
WOU

0.93

–
0.25
0.61
0.27
0.55
0.21
WCR

0.29
mean values (no units)

AL
WS

0.07
0.07

0.12
0.13

0.26
0.11

0.18
0.11

0.19
0.17

0.10
0.22

121,358,609.67
22 Total Photos Used (total
photos: 80, outliers: 58)
–
–
tons (per year)/pixel
Total number of geotagged
photo-user (2005–2017)
mean values (no units)
mean values (no units)
SL
RC

20,226,434.95 20,226,434.95 20,226,434.95 20,226,434.95 20,226,434.95 20,226,434.95
0
0
6
1
15
0

–
27,917,799.62
0.10
8,368,043.21
0.23
1,097,228.22
0.37
986,827.84
0.14
0.09
0.30
4,799,308.51 11,383,905.22 1,282,486.62
mean values (no units)
tons (per year)/pixel
HQ
SE

Relative level of habitat quality
Total amount of sediment exported
that reaches the stream
USLE Export
Total potential soil loss
Visitation: Recreation Recreation and tourism
and Tourism
Aquatic Life
Support of aquatic life
Water Supply
Water supply for human
consumption
Water Contact &
Aquatic contact for human
Recreation
recreation and other uses
Water Other Use
Agricultural and industrial water uses

ES
Description
acronym
Unit
Total carbon from four carbon pools C
Mg (metric tons of C)/ pixel

199

3.3. ES bundles
The silhouette method, used to determine the optimal
number of clusters, identified five clusters corresponding
to the highest average silhouette value (SV = 0.58) (Figure
S7). Nevertheless, after observing the ES bundles’ distri
bution, we decided to choose a solution based on six
groups. Indeed, the last bundle (the fourth bundle in
Figure 6) emerged almost entirely as a subset of the first
ES bundle. We opted for the second solution since the
more extensive clustering with six groups supported the
differentiation of catchments that belong to heavily
mined areas with MTR sites from catchments primarily
located in the valley floor areas. The solution based on six
ES bundles allowed us to discuss a more extensive set of
biophysical and human drivers to clarify the interactions
with ES changes, thanks to the LCC with fine resolution,
and the inclusion of specific LC classes (e.g. the inclusion
of former strip mining areas and the forest classes derived
from the land-change study).
Figure 6 shows the map with the six ES bundles.
While the map with the five ES bundles solution has
been included in the supplementary materials for
comparison (Figure S7). The medoids values that
characterize Es bundles are reported in Table 3 and
Figure 7. WOU was excluded from the cluster analy
sis since it did not add any significant information to
the model.
The first ES bundle is formed by catchments
with relatively high carbon values and very low
HQ; SE and SL values are relatively high and
above the rest of the study areas’ averages values.
The overall poor quality of freshwater ES is expli
citly stated by the three FwES that never met the
minimum water quality standards (WQS) estab
lished by the Clean Water Act. These catchments
are generally contiguous to MTR areas and where
former surface mining’s adverse effects (stripmining, highwall-mining) are spread out in the
landscape.
The second Es bundle is formed by catchments
with relatively high C values and low HQ. SE has
low values, while SL has average values. The only
freshwater ES that reaches the minimum levels is
the WCR service. It is worth noting that most of
these CHUs (76%) consist of relatively independent
catchments without tributaries or upstream water
sheds (Figure S4; degree of nestedness = 0). Two
subsets characterize these catchments: former stripmining sites with ongoing pre-SMCRA reclamation
processes still characterized by metals presence
(mostly iron) in the streams, and relatively dense
urban fringes mixed with former coal processing
facilities.
The third ES bundle coincides with catchments
with active MTRVF operations, mostly former head
water streams (86% of these units are independent

Ecosystem Services
Carbon Storage and
Sequestration
Habitat Quality
Sediment Export

Table 2. ES values at the HUC-12 level before normalization.

Outlet Clear
Fork
1,258,362.97

Lower Marsh Middle Marsh Upper Marsh
Fork
Fork
Fork
1,614,213.12 2,051,680.61 2,492,979.50

Stephens
Lake
1,084,554.87

Headwaters
Clear Fork
1,511,383.78

Total in the study area
10,013,174.85
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Figure 4. ES polar plots comparing HUC-12 catchments.

and SL are relatively low and close to average values.
HQ values are among the highest in the study area.
All the freshwater ES are below the minimum water
quality standards; WCR is not allowed, generally due
to fecal contamination, probably caused by the pre
sence of settlements with inadequate centralized
sewer systems (WVDEP 2006). Watershed-scale stu
dies in similar areas of the state demonstrated resi
dential development strongly impair in-stream
habitat conditions and macroinvertebrate commu
nity structure with additive effects to those of mining
(Merriam et al. 2011). AL is not supported, probably

catchments); these CHUs are characterized by
a large presence of barren land covers, disturbed
areas, fast-growing grasses, and poor soils. These
catchments have the highest SE and SL outputs
and the lowest C and HQ values. All the freshwater
ES are below the acceptable thresholds. These catch
ments have the lowest ES values in the entire study
area.
The fourth ES bundle consists of areas mostly
characterized by valley floors; 60% of these catch
ments are dependent units with at least one upstream
catchment (Figure S4; degree of nestedness ≥1). SE
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Figure 5. The Scatterplot matrix with the MCA results at the CHU level. Significant correlations between pairs of ES are identified
by asterisks (*p < .05; **p < .01; ***p < .001). The ellipses have centers on the means, their axis lengths are one standard
deviation of the x and y variables. The grey areas around each regression line are the 95% confidence intervals. The histograms
represent data distribution.

Figure 6. The 6 ES bundles within the study area. ID numbers are reported within the catchments.

due to the accumulation of pollutants that the main
river trunks receive from the tributaries and
upstream basins, which mostly coincide with the

CHUs of the second bundle, with areas characterized
by former strip-mining operations or denser
settlements.
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Table 3. The ES bundles with medoids ES normalized values
and sizes. SE, SL, C and HQ have normalized values.
Bundles Size
1
25
2
25
3
7
4
15
5
9
6
8

Medoids
Id
31
24
16
80
22
64

SE
0.09
0.01
0.60
0.01
0.01
0.01

SL
0.13
0.03
0.67
0.03
0.04
0.02

C
0.84
0.87
0.54
0.88
0.96
0.89

minimum values, while AL is above the required
level. These socio-ecological units appear to be not
interested in surface mining activities in the past.
These are populated catchments with small settle
ments. WCR and WS are probably damaged even in
this case due to the fecal contamination caused by
inadequate sewerage systems and failing septic sys
tems (WVDEP 2006).

HQ RC AL WCR WS
0.13 0 0
0
0
0.34 0 0
1
0
0.05 0 0
0
0
0.60 0 0
0
0
0.37 0 1
1
1
0.60 0 1
0
0

The fifth bundle is characterized by the highest
C values in the study area. HQ does not have very
high values since this ES bundle’s catchments are
very dispersed and fragmented across the land
scape and formed by isolated units often border
ing high disturbed areas. All the freshwater ES
have values above the minimum requirements:
this is the bundle with the best freshwater services.
One of the catchments in this bundle incorporates
the lake with the highest visitor presence in the
entire study area.
The sixth bundle has a high C level, the highest
HQ values, and the lowest SL and SE values in the
entire study area. WCR and WS are below the

4. Discussion
4.1. Advantages and limitations of the approach
Using a combination of ES models, our research
examined for the first time the impact of the mining
dominant land use on ES interactions and bundles in
a rural-mining region of Central Appalachians, where
diffuse surface mining processes, including MTR
operations, characterize a substantial part of the cur
rent landscape.
The main MCA based on CHUs showed signifi
cant ES tradeoffs in catchments subjected to MTR
mining operations with consistent losses of habitat,
provisioning, and freshwater ES. Areas with former

Figure 7. The histograms show the 6 ES bundles expressed by their respective medoids’ values.
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strip-mining processes mined before 1977 showed
a slow recovering of some ES (C, HQ), with fresh
water ES generally still impaired in unreclaimed
areas. Some limitations related to the datasets used
in the ES models should be considered, particularly in
the case of carbon sequestration modeling. Forest
C values (C_above, C_ Below, Table S4) were derived
from US Eastern forest stands grown on generic soils
(Smith et al. 2006), disregarding the generally detri
mental effects of mining activities on forest stands
growth due to disturbed soils (Holl 2002; Fox et al.
2020). In some catchments, positive synergies among
habitat, carbon sequestration, freshwater, and even
cultural ES were found, pointing to the preservation
and existence of multifunctional processes in the
study area (Mastrangelo et al. 2014), although in
limited or isolated portions of the headwaters.
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As previously reported, the effects of normaliza
tion and aggregation of ES indicators have often
represented two critical steps in the assessment of
ES tradeoffs and synergies (Geneletti et al. 2018).
Indeed, in ES interactions’ studies results were often
aggregated to relatively large spatial units and then
converted, through normalization, into dimensionless
values to allow their assessment. The combination of
the two phases could bring misleading and contra
dictory effects. For example, Roces-Díaz et al. (2018)
found that ES tradeoffs relationships detected at the
local level changed to significant positive synergies at
larger scales like municipalities and counties.
In the current study, the combination of the nor
malization and aggregation phases at the HUC-12
scale conducted to slightly different results that
needed to be carefully evaluated. The HUC-12 MCA
results (Figure S5) followed a general strengthening
of the correlation coefficients, except in the case of
WS where all the signs of the interactions were
inverted, and in the case of the correlation between
RC and AL that changed from a weak negative value
to a moderate positive value. Polar plots diagrams
(Figure 4) helped to identify how the values of WS
services increased significantly due to the normaliza
tion phase; indeed, the metrics before the normal
ization (Table 2) showed that the level of WS delivery
was generally weak in the entire study area, except in
a limited number of catchments (Figure 3(c)). The
HUC-12 scatterplot matrix (Figure S5) identified
weak synergies between WS, SE, and SL. Whereas
the CHU scatterplot matrix identified weak tradeoffs
between WS, SE, and SL. Nevertheless, the incorrect
interpretation of these results could cause misleading
conclusions. Indeed, at the HUC-12 scale, MTR sites
can coexist with relatively unspoiled catchments that
can maintain a good capacity to provide water supply
services (Figure 1). Moreover, another element of
confusion concerns the fact that former underground
mining outlets may have been mapped as a source of
water supply in some catchments of the study area
(Dinger et al. 2006; WVDEP 2016). The above infor
mation showed how the combination of the aggrega
tion and normalization steps could lead marginal
landscape dynamics to appear more critical when
analyzed at larger scales, or through diagrams such
as polar plots.
Comparing the two aggregation scales helped us
understand why ES from biophysical and hydrologi
cal processes should be derived and discussed at the
appropriate spatial scale to properly address their
interactions. The inconsistency of ES results across
spatial scales can be potentially misleading not only
for comparing the findings among multiple research
cases, or for their prediction, but especially in the
context of natural resource management and land
scape planning. In particular, when dealing with the

4.2. ES interactions and spatial scale problems
The study was based on ES models derived from
high-resolution LCCs that included historical data
from a previous land-change analysis (Cribari et al.
2021). The small scale of the hydrological units
(CHU), which presented reduced heterogeneity and
detailed land cover information, allowed us to help
isolate and understand some general dynamics
among key factors and ES bundles. This approach
has overcome some of the limitations previously
reported in ES bundles research, where coarse resolu
tion and larger spatial units represented a constraint
for interpreting the mechanisms that may unveil
relationships among socio-ecological drivers and
changes in ES distribution (Spake et al. 2017). The
study confirms the importance of using historical
knowledge for addressing ES interactions (Tomscha
and Gergel 2016). Although we did not directly
address ES interactions over time in the study area,
these effects can be reconstructed in broad terms by
analyzing the relevant land changes that occurred in
the study area across the time intervals previously
analyzed (1976–2016). The knowledge derived from
the land-change analysis helped derive two kinds of
information. The first set consisted of the detailed
spatial mapping of the LC classes transitions incor
porated into the ES models. The second set of infor
mation was relevant to understand the main
historical socio-ecological processes associated with
landscape changes in the area since these dynamics
were particularly relevant for addressing ES interac
tions and ES bundles composition.
The comparison of the ES results using different
spatial units allowed us to identify some interdepen
dencies when analyzing ES interactions at different
spatial scales (Grêt-Regamey et al. 2014; RaudseppHearne and Peterson 2016; Roces-Díaz et al. 2018)
and to address some general caveats related to the
interpretation of the results presented in this paper.
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framework of the Clean Water Act with the ES
framework.
Furthermore, Boldy et al. (2021) noted the impor
tance of using ES metrics to describe changes in
human well-being in the rehabilitation of mining
areas; since, in ES studies in mining contexts, this
procedure has often been overlooked. For example,
specific criteria to map freshwater ES, like the explicit
mapping of selenium levels (Figures 3(a) and 6),
could be crucial for reclamation processes, mining
industries, and communities in the Central
Appalachian region (US EPA 2016). Indeed, in
MTR areas, impacts of selenium in water bodies
represent a major issue since its bioaccumulation in
food webs caused teratogenic deformities in fishes
and insects (Arnold et al. 2014).
Therefore, selenium accumulation above the
allowed threshold values impairs freshwater ES like
habitat provision and water supply (Table S7), with
consequences that may require long-term stream
restoration and extremely high reclamation costs.
In West Virginia, the remediation costs required
to decrease selenium levels to non-harmful concen
trations in streams caused by MTR operations may
undermine the final results of reclamation processes
associated with the conventional bonds provided by
the mining industry (Surber 2013; Surber and
Simonton 2017), but also the benefits of miners
nearing retirement (Morris 2016). For these rea
sons, communities in the region face the detrimen
tal effects of social-ecological traps, where reciprocal
social and ecological feedbacks maintain the SES in
an unfavorable state (Boonstra and De Boer 2014).
The inclusion of selenium mapping provided addi
tional information to identify areas that need special
attention for the magnitude of the underlying socioecological matters; the information can also be used
as a first step to broadly assess the economic value
of the impaired freshwater ES by considering the
costs required for their restoration (Conte et al.
2011; Surber 2013).
Finally, concerning the overall method of ES inter
actions, it is worth noting the type of mapping used
for the FwES, that derived information from different
datasets and may include field measures or surveys,
can help in reducing the elements of circularity in the
overall outcomes (Spake et al. 2017). At the same
time, it allows to compare and validate the results
obtained with some InVEST models (the SDR model,
in this case, derived on a tier-one level).
Further implementation of the FwES model could
include continuous (or discrete) spatial data not lim
ited to a binary mapping based on threshold values
(Villamagna et al. 2013). Moreover, the use of CHUs
derived from spatial units that are not standardized is
another limitation of this study. The definition of
standard hydrologic units, with dimensions smaller

necessity of conducting assessments that address and
target specific policies correctly, avoiding scale mis
match problems between the governance levels and
the environmental systems (Cumming et al. 2006).
These problems have often been a critical issue in
watershed restoration research, where water policies
resulted often misaligned with the social-ecological
units analyzed (Sayles and Baggio 2017). Moreover,
the finding of recent literature reviews of ES studies
conducted in mining contexts (Boldy et al. 2021)
showed great inconsistencies when disambiguating
between the positive and negative effects of mining,
and therefore in the proper ES application when
evaluating the impacts of mining activities.
Therefore, we suggest that the appropriate scale of
analysis should always be considered when addres
sing ES interactions in these particular working
landscapes.
4.3. Modeling freshwater ES in mining regions
By applying the theoretical framework proposed by
Keeler et al. (2012) coupled with a spatial model, it
was possible to include freshwater ES within the ES
interactions and bundles method. Previous studies
highlighted the importance of deriving biophysical
models and spatially explicit assessments of fresh
water ES to associate water policies with services’
provision at the landscape scale (Allan et al. 2013,
2015; Qiu and Turner 2013). Freshwater ES are cri
tical to include in ES mining studies because they are
generally subject to deterioration due to water and
soil contamination caused by mining activities and
associated industrial operations (Heather et al. 2011;
Duarte et al. 2016). The proposed method can be
applied in similar contexts and within the US using
standard metrics since water quality information is
available at the State level and derived from the Clean
Water Act and its major amendments (Copeland
2016).
The freshwater ES mapping, derived from mixed
datasets verified at the state and federal levels
(WVDEP 2016), presents several advantages. The
model spatially links ES to metrics that potentially
affect human well-being (drinking water, recreation
activities) or may capture inherent ecological benefits
(e.g. aquatic life), targeting specific spatial units (or
social-ecological units) where policies can be verified
and implemented. The FwES metrics, derived as state
indicators, also make it possible to link and compare
the study results to broader frameworks or policies
and integrate the results more easily into landscape
planning and management, decision-making con
texts, and economic models (de Groot et al. 2010).
Indeed, the use of FwES metrics in this study pro
vides an example that may help integrate and update
or link, as previously suggested (Ruhl 2010), the legal
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(Moran’s Index = .036, p-value = .002) with the
absolute lowest levels of ES delivery in the entire area.
Our findings suggest that although the application
of post-SMCRA reclamations practices was limited to
the mining permits of MTR areas or occurred on
former surface mining areas characterized by limited
reclamation processes, the negative impacts of surface
mining operations spread out across broader areas.
Indeed, remining operations were often authorized in
the past on AML produced before the SMCRA and
generally characterized by inadequate reclamation
(Skousen and Zipper 2021). Nevertheless, the results
of this study suggest that the operations conducted
after the SMCRA enactment did not limit the nega
tive impacts of MTR on neighboring areas and
streams, confirming, even in this case, the general
weaknesses in the outcomes of reclamation processes
(Miller and Zégre 2014; Palmer and Hondula 2014;
Reed and Kite 2020). This study confirms the image
of a highly disturbed landscape, in which the recla
mation processes of MTR sites and surrounding areas
are characterized by a general loss of ES, where sig
nificant uncertainties mark future ES restoration.
Even in the case of the catchments characterized by
surface mining operations started before 1977, con
sisting mainly in strip-mining and high-wall opera
tions, the ES models described a better recovery of
ES; but, with conditions, persisting disturbances, and
effects that we can imagine as long-lasting if no
further reclamation is conducted. Recent estimates
of AML found almost 2850 km2 of unreclaimed
land in the Appalachian region, mostly concentrated
in Pennsylvania and West Virginia, with unreclaimed
costs equal to $17.6 billion (Dixon 2021). Also, the
presence of coal slurry impoundments and brown
field sites present significant risks for the local popu
lations and ecosystems and would require challenging
industrial remediation processes due to the high con
centration of toxic compounds (like arsenic, cad
mium, chromium, cobalt, lead, mercury, selenium)
derived from the coal cleaning processes (Bell 2016;
Ziemkiewicz 2019).
To intervene in the areas mentioned above, sub
stantial investments may generally be required to
complete or implement the overall poor reclamation
outcomes of MTR operations. For example, industrial
sites for coal processing, like coal impoundments, can
be reclaimed, recovering rare earths and other valu
able metals and providing economic attractiveness for
the industry (Ziemkiewicz 2019; Thomas 2021). In
addition, energy practices based on renewable energy,
like large-scale photovoltaic systems, can be installed
on former degraded lands in the region (James and
Hansen 2017; Campoli et al. 2019). Methods like the
Forestry Reclamation Approach (FRA) can be utilized
to reclaim mined lands to forests and achieve healthy
and productive forests (Adams 2017). In all these

than HUC-12 (Seaber et al. 1985), could be beneficial
in regions such as the Appalachian Mountains where
intricate dendritic drainage patterns characterize the
landscape.

4.4. Implications for decision making and
landscape planning in the region
In the study area, the landscape that emerged after
the socio-technological reclamation phases following
coal extraction has been characterized by different
configurations and patterns over time. The complex
articulation of anthropogenic processes and distur
bances has led to different ES bundles, characterized
both by the intensity of coal mining processes and
their ongoing reclamation phases. ES bundles showed
that distinctive ES interactions driven by extraction
processes coexist in the study area with patterns
derived from more general land dynamics, like
those characteristic of suburban settings, which inter
act with the region’s specific features. Communities
in the region are long struggling with socialecological problems connected to the coal industry
and its boom and bust cycles (Bell 2016). Although
coal-driven economy and production are generally
fading in the Appalachian Coalfields (Zipper et al.
2021), fossil fuel-based industries still represent
a dominant economy in WV (Pollin et al. 2021).
Nevertheless, further investments and efforts in the
region should be driven by more sustainable
approaches for the future and included in the muchneeded phase of economic and energy transition
(Taylor et al. 2017).
The ES bundles’ analysis depicted a broad hetero
geneity among ES in the CHUs, with changes ranging
from units in which the ES are overall strongly com
promised (bundles one and three) to catchments that
suggest the presence of ES hotspots (bundle five). The
first set of observations concerns the characterization
of a broad group of HUC-12 basins that includes the
Lower Marsh Fork and the Clear Fork catchments
(Figure 1). These catchments are characterized by
heavily mined areas and by the largest number of
ES bundles of type one and three, while several
CHUs are impaired by selenium concentrations
above the minimum levels. ES bundles one and
three include catchments characterized by surface
mining operations conducted before and after the
SMCRA enactment in 1977, with reclamation pro
cesses at different stages. Bundle number one defines
a strongly clustered group (Moran’s Index = .13,
p-value = .00) where the effects of mining are relevant
due to the proximity with MTR sites, to the presence
of former surface mining operations, and often of
underground mining. Bundle three, which generally
coincides with MTR operations, is a clustered group
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accessibility (in this case, the County owns the lake)
may have on local populations or tourism in the area.
This aspect may suggest that public greenways could
be a relevant element to integrate into a successful
conservation strategy for this region.

cases, reclamation benefits can positively affect both
ecological systems and local communities. As pro
vided in the introductory section, ES methods can
be utilized to assess future scenarios and discuss the
tradeoffs and synergies among ES or with other
social-ecological variables, including ES beneficiaries
like local communities.
Other HUC-12 catchments in the study area are
characterized by less extreme conditions with fewer
areas impacted by former surface mining. In particu
lar, the CHUs in bundle five have among the best ES
values, particularly for the freshwater ES. While all
the ES bundles in the study area are clustered
(Moran’s Index > 0, p < .001), the fifth ES bundle
has a scattered distribution (Moran’s Index = −.02,
p-value = .51) (Figure 6). This last condition high
lights that even if this group stands out from the
more compromised ES bundles, the conservation of
these areas is still subjected to significant risks.
Previous studies in the MTR region of West
Virginia highlighted the risks to which isolated
streams and catchments are exposed, even when
they present the most pristine conditions. Therefore,
Merriam and Petty (2016) suggested that restoration
should be implemented in areas with intermediate
habitat quality. By making the spatial distribution
and interaction of ES explicit, the current study
results effectively locate the presence of isolated
catchments with ES hotspots in the study area. The
ES bundles can be utilized to establish an ecological
network of protected areas with different functions
and opportunities that may be integrated into
a broader strategy for the rural-mining region.
Consequently, actions to improve ES provision
should be implemented by applying specific policies
in bundles with intermediate ES values like bundles
four, six, and two. These actions should also concern
water quality improvements, such as updating the
settlement sewage systems or addressing the conser
vation of forest stands growth on former strip-mined
areas, and possibly completing reclamation process
on marginal AML.
Another interesting finding involves the case of the
catchment that includes the Stephen Lake (Figure 7,
bundle five, id = 85), an artificial reservoir created in
the late 60s. The lake’s catchment is included in the
fifth bundle; above all, the number of visitors and the
cultural value of this CHU are the highest in the
study area. Two considerations need to be high
lighted for this area. One concerns the potential that
‘built landscapes’ as part of a broader green infra
structure may have for the supply of ES (Benedict and
McMahon 2006; Hansen and Pauleit 2014) and the
relevance these practices may have among those pro
moted for a good Anthropocene (Bennett et al. 2016).
Moreover, the relatively high number of visitors
introduces the importance that spaces with public

5. Conclusions
Our study confirms the importance of analyzing ES
interactions using different spatial scales. The multiscale assessments allowed us to understand relevant
social–ecological relationships among the ES bun
dles, overcoming some of the traditional limitations
of the method. Information derived at the smallest
spatial scale utilized (CHU level) allowed us to
reduce the heterogeneity of spatial data and tailor
the results discussion on sets of social-ecological
units where landscape management actions and pol
icy improvements can be addressed focusing on spe
cific issues, like landscape degradation, restoration,
and substitutive technological processes. Our study
confirms the importance of bespoke studies and the
relevance of previous SES knowledge. In our case,
the inclusion of historical datasets, used to disam
biguate among otherwise uniform data, allowed us to
discuss interactions with human and biophysical
drivers that are fundamental for addressing the case
analyzed and selecting ES metrics that can inform
relevant ongoing processes in the landscape and
their management. We suggest that the use of ES
metrics utilized to address changes among ES,
human well-being, and other habitat values should
be applied to link ES studies to standard measure
ments relevant for environmental policy and land
scape planning. In our case, the use of standard
metrics for the freshwater ES derived from the
Clean Water Act framework, although with the
reported limitations, provided insight into the
impacts of mining and other human pressures on
ES changes in the study area examined. The study
outcomes explained why blanket solutions are inap
propriate in certain contexts while suggesting indepth analysis for policy and decision-makers using
different approaches tailored for different ES
bundles.
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1. Land cover data
Table S1. Land cover classes used in in the InVEST models.
#

Class

Data source - Method

Reference

1
2
3
4
5
6
7
8
9
10
11
12

Forest
Low vegetation
Barren
Water
Impervious areas
Mix developed areas
Water Sludge (coal sludge impoundments)
MTR -–– barren land and coal deposits
MTR - Impervious areas
MTR - Reclaimed grasslands
Disturbed forest from 1976
Railroads

2016 LC
2016 LC
2016 LC
2016 LC
2016 LC
2016 LC and Microsoft building shape file
From 2016 LC water classes and visual classification
From 2016 LC overlaying surface mining permits
From 2016 LC overlaying surface mining permits
From 2016 LC overlaying surface mining permits
1976 LC (land-change study)
Rail Road (Samb 2003)
Roads - U.S. Highways

(Maxwell et al., 2019)
(Maxwell et al., 2019)
(Maxwell et al., 2019)
(Maxwell et al., 2019)
(Maxwell et al., 2019)
(Maxwell et al., 2019)
WVDEP (2020)
WVDEP (2020)
WVDEP (2020)
(Cribari et al., 2021)
West Virginia GIS Technical Center (2020)

Roads - 1:4800 Scale
Roads - 1:4800 Scale
1996 LC (land-change study)
From 2016 LC using visual classification

West Virginia GIS Technical Center (2020)
West Virginia GIS Technical Center (2020)
(Cribari et al., 2021)
NAIP (2016)

13

Highways

14
15
16
17

Primary roads
Secondary roads
Disturbed forest from 1996
Coal processing facilities

-

West Virginia GIS Technical Center (2020)

Disturbed forest from 1976 barren has been derived from 1976 classification (Cribari et al.,
2021). This class represents new forest grown above 1976 strip-mining barren class.

-

"Recent forest from 1996" has been derived from 1996 classification (Cribari et al., 2021).
This class represents new forest grown above 1996 barren and grass classes.

-

“Coal Processing Plant“ has been derived visually from NAIP (2016) aerial images. It
reports coal preparation facilities areas.

-

MTR perimeters have been defined using WVDEP mining permits, 2016 LC (Maxwell et
al., 2019), and NAIP (2016) aerial images, since in some cases MTR areas extend outside
available mining perimeters.

-

Water Sludge class represents the coal sludge impoundments, derived manually by existing
water class from WV 2016 lad cover (Maxwell et al., 2019).
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2. Habitat Quality model parameters
Threats data (Table 7) and Sensitivity of Land Cover Types to Each Threat (Table 8) were obtained
from the literature review of similar studies (Duarte et al., 2016; Terrado et al., 2016; Sharp et al.,
2020).

Table S2. Threats data.
MAX_DIST

WEIGHT

THREAT

DECAY

DESCRIP

5

1

CoalSludge

linear

Sludge impoundments

5

1

CoalProcPlant

linear

Coal Preparation plants

5

0.7

MixDev

linear

Low density residential areas

5

0.7

ImpAreas

linear

Impervious areas

6

0.7

BarrFor1976

linear

Forest on barren land 1976

6

0.7

BarrFor1996

linear

Forest on disturbed land 1996

4

1

Barr_MTR

linear

Invasive species

4

1

Imp_MTR

linear

Invasive species

6

0.7

Grass_MTR

linear

Reclaimed MTR areas _inv. Spec.

3

1

Highway

linear

Highway

3

1

RailRoad

linear

Rail roads

1.5

0.7

Prim_roads

linear

Roads

1.5

0.7

Sec_roads

linear

Roads

2

1

Wells_ActGAS

linear

Active gas wells

1

0.7

WellsAct-noGAS

linear

Active wells (gas)

0.5

0.5

WellsALL-Abnd

linear

Abandoned wells (oil, gas)

3
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Table S3. Sensitivity of land cover to threats.
LULC

NAME

Habitat

L_Barr_
MTR

L_BarrF
or1976

L_BarrF
or1996

L_CoalP
rocPlant

L_CoalS
ludge

L_Grass
_MTR

L_High
way

L_Imp_
MTR

L_ImpA
reas

L_MixD
ev

L_Prim_
roads

L_RailR
oad

L_Sec_r
oads

L_Wells
_ActGA
S

L_Wells
ActnoGAS

L_Wells
ALLAbnd

1

Forest

0.9

0.9

0.6

0.6

1

1

0.7

1

0.9

0.7

0.6

0.7

0.7

0.7

0.8

0.7

0.6

2

Grass

0.7

0.8

0.5

0.5

1

1

0.8

0.7

0.45

0.45

0.45

0.45

0.45

0.45

0.45

0.2

0.2

3

Barren

0.1

0

0

0

0.1

0.3

0.2

0

0

0

0

0

0

0

0

0

0

4

Water

0.7

0.5

0.5

0.5

1

1

0.5

0.7

0.5

0.5

0.5

0.5

0.5

0.5

0.5

0.4

0.3

5

Impervious areas

0.1

0

0

0

0.1

0.5

0.1

0.1

0.5

0

0

0

0

0

0

0

0

6

Mix developed

0.3

0.7

0.3

0.4

0.5

0.7

0.1

0.3

0.5

0.1

0

0.1

0.1

0.1

0.4

0.4

0.2

7

Water Sludge

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

8

Barr_MTR

0

0

0

0

0.2

0.2

0

0

0

0

0

0

0

0

0

0

0

9

Impervious_MTR

0

0

0

0

0.2

0.2

0

0

0

0

0

0

0

0

0

0

0

10

Grass_Mtr

0.1

0

0

0

0.3

0.3

0

0.2

0

0

0

0.1

0.1

0.1

0.1

0.1

0.1

11

Disturbed forest
from 1976 barren

0.7

0.4

0

0.3

0.7

0.7

0.3

0.3

0.3

0.3

0.3

0.3

0.3

0.3

0.3

0.3

0.3

12

Railroads

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

13

highway - roads

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

14

Primary - roads

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

15

Secondary - roads

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

16

Disturbed forest
from 1996

0.5

0.4

0.4

0

0.7

0.7

0.3

0.3

0.3

0.3

0.3

0.3

0.3

0.3

0.3

0.3

0.3

17

CoalProcessingPla
nt

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0
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3. Carbon Pools Values
The estimation of carbon density (Table S4) in four carbon pools (aboveground biomass,
belowground biomass, soil, and dead matter) was obtained from the literature review of several
studies (Smith et al., 2006; Sperow, 2006; Rabindranath & Ostwald, 2008; Avera et al., 2015;
Sharp et al., 2020).

Table S4. Carbon Pools Values
lucode

LULC_Name

C_above

C_below

C_soil

C_dead

1

Forest (55 years old)

84

28

73

22

2

Grass - low vegetation

10

5

20

5

3

Barren

0

0

10

0

4

Water

0

0

10

0

5

Impervious areas

0

0

10

0

6

Mix developed

5

3

10

0

7

Water Sludge

0

0

0

0

8

Barren_MTR

0

0

0

0

9

Impervious_MTR

0

0

0

0

10

Grass_Mtr

0

0

1

0

11

Forest on 1976 barren (40 years old)

61

20

20

7

12

Railroads

0

0

10

0

13

highway - roads

0

0

10

0

14

Primary - roads

0

0

10

0

15

Secondary - roads

0

0

20

0

16

Forest from 1996 LC (20 years old)

32

11

10

10

17

Coal processing plant

0

0

0

0

5
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4. Sediment Delivery Ratio Data
4.1. Biophysical table: C e P values
Cover-management factor (C) and support practice factor (p) for the USLE were derived using
examples obtained from the literature review of similar studies (USDA & EPA, 1977; Duarte, et
al., 2016; Sharp et al., 2020).
C (usle_c) = Cover-management factor for the USLE (floating point value between 0 and 1).
P (usle_p) = Support practice factor for the USLE (floating point value between 0 and 1).

Table S5. Biophysical table
LULC

description

usle_c

usle_p

1

Forest

0.011

1

2

Grass

0.034

0.5

3

Barren

0.9

1

4

Water

0.1

1

5

Impervious areas

0.99

1

6

Mix developed

0.8

1

7

Water Sludge

0.5

1

8

Barr_MTR

0.99

1

9

Impervious_MTR

0.99

1

10

Grass_Mtr

0.9

1

11

Disturbed forest from 1976 barren

0.018

1

12

Railroads

1

1

13

highway - roads

1

1

14

Primary - roads

1

1

15

Secondary - roads

16

Disturbed forest from 1996

17

CoalProcessingPlant

1

1

0.04

1

1

1

4.2. Digital elevation model (DEM)
DEM data were obtained from the USGS National Elevation Dataset (NED) (USGS, 2020). Two
rasters were used to obtain a 10 meters grid. The DEM was then optimized to be used for hydrology
work and derive the drainage network using hydrology toolset in ArcMap 10.7 (ESRI, 2017).

6
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4.3. Watersheds vector data
Watersheds were derived from DEM flow accumulation grid with 10 meters resolution.

4.4. Rainfall erosivity index (R)
The raster for the study area was derived from the Global Rainfall Erosivity dataset provided by
the European Soil Data Centre (ESDAC). Information about the dataset can be found in (Panagos
et al., 2017).

4.5. Land use/land cover (LULC)
Derived from Land cover with 14 classes.

4.6. Soil erodibility (K)
USA Soils Erodibility Factor (30 meters cell size). The layer is derived from the 2019 version of
the gSSURGO 30m (contiguous U.S.) produced by the Natural Resources Conservation Service
(NRCS) (ESRI, 2021).

4.7. Calibration parameters:
Parameters set on default values.
Borselli kb = 2
Borselli IC0 = 0.5
SDRmax = 0.8.
Threshold flow accumulation = 800

7
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5. Recreation and tourism

Figure S1. Some of the images derived from the study area in Flickr and used to remove contents not related with the study
analysis.

Table S6. Number of images used and outliers in the study areas.

Total images

Total used

Total outliers

80

22

58

8

80

6. Freshwater ES Custom Model

Figure S2. The image shows how the data is spatially organized after streams have been joined using the table field
“AUID_2016” (WVDEP, 2016). These units (polylines) represent the minimum unit with uniform conditions used to map the
data. They were used to assign water quality information from the stream to the relative sub-catchment.

Figure S3. A flow grid was used to identify streams and catchments. Streams were then associated to hydrologic catchments.
9
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Table S7. Affected designated uses (WVDEP, 2016).
Affected Designated Use
Criterion

Aquatic Life

Aluminum, dissolved

x

Aluminum (trout)

x

CNA-Biological

x

Contact Recreation

Public Water Supply

x

x

Fecal coliform
Iron

x

Iron (trout)

x

pH

x

Selenium

x

All Other Uses

x

x

x

x

x

Table S8. Conversion from ADU to freshwater ES
Affected Designated Uses (ADU)

Freshwater Ecosystem Services (FwES)

Aquatic Life



Support of Aquatic life (Habitat Provision)

Contact Recreation



Water contact & recreation (Recreational Contact)

Public Water Supply



Water Supply for Human Consumption (Drinking Water)

Other uses



Agricultural and Industrial uses

10
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Figure S4. The Study area and the 89 CHUs identified within the AqES custom model.
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7. Multiple Correlation Analysis based on data at the HUC-12 scale

Figure S5. The Scatterplot matrix with the MCA results at the HUC-12 level. Significant correlations between pairs of ES are
identified by asterisks (*P < .05; **P < .01; ***P < .001). Scatterplot matrix reports Pearson correlation coefficients.

12

84

8. Optimal number of clusters

Figure S6. The validity graph obtained using the silhouette method.
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Figure S7. The map with the five ES bundles within the study area..
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4. Backcasting future scenarios and ecosystem services implications
in two post-mining landscapes of Central Appalachians
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Abstract

This paper aims to discuss future scenarios within two social-ecological systems, located
in a rural coal-mining region of Central Appalachians, characterized by post-mining
landscapes obtained from surface mining and reclamation processes at different stages. The
two social-ecological units, defined as individual units or archetypes, have been discussed
as separate longitudinal case studies along with a time interval of seventy years that
included distinct temporal dimensions, from the recent past to present and future scenarios,
from 1976 to 2045. The construction of the scenarios was based on a mixed approach; the
storylines based on a backcasting method were complemented by two ES models (Carbon
Sequestration and Habitat Quality) obtained in InVEST using spatial data, and by the
identification of changes in the functional relationships and informational feedback in the
SES analyzed.
The comparison of the scenarios allowed the author to identify changes in the historical
flow of the ES analyzed and discuss relevant strategies that can be used to rehabilitate the
two social-ecological units. The strategies, identified with the two social-ecological
archetypes, can be potentially replicated across the post-mining landscapes of the region.
Indeed, the results highlighted how the two spatial units subjected to different cycles of
surface mining, before and after the Surface Mining Control and Reclamation Act of 1977,
require different efforts and strategies to improve the systems of social-ecological
interactions that characterize their transformation. Several of the methods identified (e.g.,
adaptive governance, collaborative planning, property-rights regimes) to foster plausible
solutions are based on similar efforts that the stakeholders and the communities involved
should implement and adopt to re-couple the SES and reach more sustainable targets in the
future developments of the areas, in order to shift from a generally almost exhausted coalbased economy towards renewable sources and embrace a new energy transition phase.
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1. Introduction

In the last decade, a body of studies highlighted the urgency of studying the changes that
have occurred within the so-called human-environmental systems, or social-ecological
systems (SES), throughout their historical cycles and transformations (Folke et al., 2016;
Takeuchi et al., 2016; Soriano et al., 2021). The general idea is that the analysis of the
interactions and feedback that have occurred in human-environmental systems can foster
the promotion of practices that may generate more sustainable transformations within these
complex systems. The adoption of new ways of interacting with the SES can improve or
modify the current and conventional practices based on recurring patterns of natural
resource exploitation and land degradation. For this reasons, the SES framework has
progressively gained a prominent position in the organization and production of usable
knowledge for the promotion of sustainable development (Clark et al., 2016).
SES can be briefly defined as interlinked human and natural systems “that includes societal
(human) and ecological (biophysical) subsystems in mutual interactions” (Harrington et
al., 2010). The SES framework, since its inception (Berkes & Folke, 2000), has been used
to investigate changes in human-environment relationships. Even if SES, humanenvironment systems and coupled human–nature systems (CHANS) (Liu et al., 2007)
notions have often been used as interchangeable concepts, formally SES should be seen as
part of the broader CHANS framework (Liu et al., 2021). In this contribution we adopt the
notion of SES since the term in literature is generally embraced for a more general use
(Colding & Barthel, 2019). Three essential components are recurrent in SES: the human
and the natural spheres and the sets of interactions that inform and connect the two systems.
The human-nature interactions are particularly relevant within the SES framework due to
the progressive developments of the ways in which these components may spatially interact
by involving distant human-natural systems (telecoupling) (Liu et al., 2013) or adjacent
and distant human-natural systems (metacoupling) (Liu, 2017).
Technological changes generated by the urban and industrial societies have progressively
altered the long standing social-ecological dynamics that have characterized the human
transition, from hunting and gathering, to farming (Chen et al., 2015; Ellis, 2021). The
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progressive loosening of the populations’ direct reliance on ecosystems services (ES) and
goods and the establishment of more remote natural resources supplies has led to a
progressive alteration and degradation of ecosystems and natural resources due to the
breakdown of traditional cultural processes that in the past tied rural populations to their
surrounding landscapes (Cumming et al., 2014; Takeuchi et al., 2016; Soriano et al., 2021).
The implications of the ES transitions in agricultural and industrial societies have been
conceptualized by Cumming et al. (2014) through the description of “green-loop” and “redloop” archetypes. Green-loops are characteristic of people directly dependent on ES, where
the natural resource base and the mutual feedbacks are generally maintained and governed
through the application of traditional rules. Instead, red-loops occur when the previous
dynamics are altered due to the increasing societies’ size and complexities, with demands
of larger quantities of resources, trade, technology and infrastructures (Cumming et al.,
2014). A similar notion has been discussed in Takeuchi et al. (2016) and more recently in
Soriano et al. (2021). Both cases, the first concerning a Japanese cultural landscape (the
satoyama landscape) and the second equating rivers to SES, discussed how the decoupling
of the SES has occurred during the high economic growth and industrial development
periods. Soriano et al. (2021), in particular, discussed the concepts of coupling, decoupling
and re-coupling in SES. Indeed, although the idea of coupled SES has been repeatedly
adopted, a general lack of consensus concerning its definition still exists in the literature.
Soriano et al. (2021) defined that a SES is “coupled” when it maintains a good adaptive
capacity and resilience for avoiding “regime shifts” (Bauch et al., 2016). The interactions
and feedbacks in the SES may present a behavior that leads to beneficial outcomes, like in
the distribution of ecosystem services and human well-being (coupled SES), or they could
have been interrupted in the past (de-coupled SES) and require active interventions for
their re-coupling. The notion that emerges from the literature is that new trajectories for
recoupling SES can be laid out to rebuild the interactions that have been altered in the
recent past (Hoole & Berkes, 2010; Soriano et al., 2021). In the case of red-loop, Cumming
et al. (2014) suggest that a phase of ES reintegration, based on new economies and policies,
could occur through the allocation of new demands, like the request of new cultural ES or
the production of green energy. However, ecosystems may already have been profoundly
altered and present poorer conditions at the time new strategies are applied to exit the red-
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loop lock-in phase (Cumming et al., 2014).
This condition can be found in the rural-mining region of West Virginia (WV). Recent
studies found that surface coal mining, even after the landscape reclamation processes,
caused habitat losses and fragmentation, soil degradation, and water pollution, affecting
the landscape’s capacity to provide ES and impacting their future flow and provision
(Cribari et al., 2022). These landscape patterns are likely not limited to WV since similar
drivers and land-change dynamics can be found in the broader region of Central
Appalachians where surface mining operations are widespread (Cribari et al., 2021).
Indeed, in the Central Appalachians, surface coal mining during the past seventy years has
represented the main land-change driver and the major cause of land degradation and
ecosystems alteration (Townsend et al., 2009; Ross et al., 2016; Pericak et al., 2018; Cribari
et al., 2021). Because of its intensity, distribution, and unique consequences on land
systems and ecosystems, it represents a relevant case study within the global land-use
change context (Ellis, 2021; Winkler et al., 2021) and offers an important example for
exploring the effects of changes within the SES discussed in this study. Moreover, although
a large number of studies investigated the detrimental effects of coal mining on the
environment and the communities living in the rural-industrial region of Central
Appalachians, very few researches investigated the effects that new phases, driven by
energy transitions and by the depletion of coal resources, may have on the large amount of
post-mining landscapes in the region. This study addresses the need to explore the future
perspectives of these places by identifying and analyzing some recurrent social-ecological
archetypes (Oberlack et al., 2019) of this region. The main objective of this contribution is
to develop intervention scenarios based on backcasting (Dreborg, 1996; Ferrier et al., 2016)
to test incremental levels of land management, industrial retrofitting and environmental
protection policies in areas previously subjected to surface mining. The research is
conducted using two separate longitudinal case studies (Yin, 2018) defined as distinct SES,
or archetypes, generally addressed in this study as separate social-ecological units (SEUs).
The SUEs are representative of land systems of Central Appalachians characterized by
different ES bundles and with surface mining operations happening during different sociotechnological transitions and temporal phases (Cribari et al., 2022). The outcomes of the
scenarios on the landscape are then evaluated analyzing the changes in a set of ES models
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in InVEST over a seventy-year interval (1975-2045) that includes recent past (1975),
present (2020) and future scenarios (2045).
The scenarios are based on a hybrid methodology that combines qualitative and
quantitative methods (Alcamo, 2008). The narratives, or qualitative storylines (Alcamo,
2008), are supported by land use maps, ES models, and by schematic descriptions of the
landscapes accounting for the functional relationships within each SEU (Takeuchi et al.,
2016). Past and present landscapes are based on the reconstruction of recent past and actual
conditions. Future scenarios were designed as intervention scenarios with backcasting
methods (Ferrier et al., 2016) focused on the implementation of different landscape
management alternatives and used to explore multiple desirable futures (Robinson, 2003).
The scenarios also include policies to divest from fossil energy sources to meet
development goals that are in line with climate goals (IPCC, 2022). The comparison of
alternative scenarios is included to provide communities, stakeholder and decision makers
with information related to the suitability, outcomes, tradeoffs, and feasibility of different
management options. The research provides a venue for exploring the opportunities that
communities in the region may have if shifting from a mature and often exhausted coal
extraction-based economy, towards the adoption of new social-ecological models
characterized by more sustainable practices.
Furthermore, it should be noted, that the inclusion of the role of technology in mediating
human-environment relationships, and the flow of ecosystem services and their benefits,
has recently emerged as a relevant issue in the identification of nature-based solutions. Ths
role was particularly relevant, in those complex landscapes, like the ones analyzed in this
article, were technological and infrastructure features contributed in shaping the social and
ecological dimensions, which are well represented by the Social-Ecological-Technological
System (SETS) framework (Markolf et al., 2018; Mcphearson et al., 2022). Some of the
scenarios developed in this paper include the use of enhancement technologies (Fitter,
2013), or new infrastructures, to deal with the complex reclamation issues of the deeply
altered post-mining landscapes.
Finally, the relevance of the case study for the broader context becomes evident when
considering that mining represents a critical component of the worsening and
intensification of global land-change dynamics. Indeed, the spreading and increase of
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mining practices in rural world regions has grown at an unprecedented rate in recent
decades and will probably rise in the future due to the expanding demand for raw materials
and minerals on the global markets (Giljum et al., 2014; Maus et al., 2020).

2. Surface mining and reclamation in Central Appalachians

In the US, coal represented the backbone of industrialization, and it has long been mined
in the Central Appalachian region. In WV, one of the primary coal producers states of the
US, the first coal mining activity dates back to 1742 (Eggleston, 1975). Surface mining
activities became common in Central Appalachians starting from World War II, as a
combined effect of labor shortage and mechanization. In 1977, the Surface Mining Control
and Reclamation Act (SMCRA, 30 U.S.C. §1201) represented a tipping point for regulating
surface mining operations. It was the first policy enacted at the federal level that required
standard criteria for land reclamation and the associated environmental issues.
While before the SMCRA surface mining consisted mainly of strip-mining and high wallmining, operations after 1977 produced different configurations and often considerable
impacts on the landscape (Skousen & Zipper, 2021) due to the combined effects of the
SMCRA technical requirements (Zipper et al., 1989), the generalized use of large shovels
and the larger scale of mining, and finally, the subsequent changes and deregulation to the
SMCRA (Scicchitano et al., 1989; Seiberling, 1986). The post SMCRA operations,
described as mountaintop mining (MTM) or mountaintop removal and valley fills (MTR,
MTRVF), progressively acquired a controversial notoriety due to the huge scale and the
negative impacts on the environment and local communities (Palmer et al., 2010, Griffith
et al., 2012). Indeed, since the late 1990s, a large body of literature has investigated the
MTR areas for the magnitude of the social and ecological impacts generated (Bernhardt &
Palmer, 2011; Wickham et al., 2013).
A large body of health studies investigated the impacts of MTR coal mining on local human
communities. The findings reported that health issues, mainly associated with atmospheric
particulate, surface, and groundwater contamination, were generally more elevated in coal
mining areas and in proximity with MTR sites (Hendryx, 2009; Palmer et al., 2010;
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Hendryx, 2011; Lindberg et al., 2011; Wickham et al., 2013; Miller & Zégre, 2014; Evans
et al., 2021). It is worth mentioning that the detrimental environmental implications of this
form of mining were not limited to physical health issues but were also associated with
increased risks connected with mental health problems (Cordial et al., 2012; Hendryx &
Innes-Wimsatt, 2013).
Currently, in the Central Appalachian region, the outcomes of surface mining reclamation
at various stages may overlap or coexist in the landscape. Reclaimed or partially reclaimed
land generated before the SMCRA enactment, as the result of the reclamation processes
carried out by individual states, may be found in the same watershed or catchment together
with abandoned mined land (AML), or unreclaimed land, reclaimed areas obtained by
“remining” operations, or with reclamations made after MTRVF operations (Skousen &
Zipper, 2021; Cribari et al., 2021). In particular these latter are of concern. The levelled
landscapes obtained after the reclamation processes, in a large region, have never achieved
the “higher or better” use that the SMCRA envisioned. While in more urbanized areas and
in proximity of large centers, the former MTM areas have often been incorporated into
suburban sprawl and developments, in the more remote rural and mountainous areas, the
reclaimed mines have not brought any social, economic, or ecological improvements
(Skousen & Zipper, 2021). Furthermore, the novel ecosystems, generally based on fastgrowing grasses as outcomes of the reclamation processes, have become ecologically more
degraded than the previous forested headwaters, and generally associated with
environmental risks and pollution. In addition, further problems exist due to the financial
mechanisms used to complete the reclamation of mining sites and the recent multiple
bankruptcies of mining companies (Surber, 2013; Morgan, 2020).
Although a definitive estimate of the surface mined areas in the region is not complete
(Soulard et al., 2016), recent studies have tried to partially fill the gap (Pericak et al., 2018)
(Cribari et al., 2021). The production of exhaustive national database of surface mining
extents derived by historic topographic USGS maps is still in progress at the moment this
study is conducted. In particular, estimates for WV are still incomplete at the time this
piece is written (Horton & San Juan, 2022). Updated cost estimates of AML, based on the
Office of Surface Mining Reclamation and Enforcement (OSMRE) database, predicted
20.1$ billion dollars for the medium scenario to complete the reclamation of AML in the
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US. The largest part of this estimate, equal to the 65.1% of the total, was found in PA and
WV (Dixon, 2021). These costs do not include estimates for surface-mining land obtained
after the SMCRA.
In the Central Appalachians coalfield region, coal is either depleted, or its extraction too
often presents excessive social-environmental costs when compared to the possible
revenues (Epstein et al., 2011). Moreover, the large amount of degraded land due to surface
mining, raises questions that are closely related to the future development of places and
communities whose economies have long been bound to the boom and bust cycles of coal
extraction industry and energy markets (McGinley, 2004). In states like WV, where the
energy industry is dominant, the interests in the energy resource market still shape the
current policies, influencing the national agenda and particularly, the climate-change and
energy transition programs (Weisman & Friedman, 2021). Many of the coalfields
communities in WV struggle in a state of economic stagnation or recession with population
losses, increased rates of unemployment, low incomes, and health problems.
Therefore, there is a need to shift local economies towards forms of more sustainable
development. The recent Build Back Better Framework (2022) promoted by the US
government addresses the economic development need to revitalize coal communities,
especially creating jobs by reclaiming AML. The overall goals of the framework are
aligned with other national policies centered to meet the country climate change goals,
promote energy transition, improve conservation and nature restoration solutions, while
advancing environmental justice and job security (US Interagency Working Group, 2021).

3. Methods

Three main steps were used for developing the study objective:
1. The delineation of the two socio-ecological units;
2. The definition of backcasting scenarios using storylines and spatial data;
3. The comparison of scenarios using ES metrics and identifying opportunities and
threats among the functional relationships and informational feedbacks within the
two social-ecological units.
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3.1. The social-ecological units delineation

The mapping and delineation of the two SEUs has been derived from previous knowledge
and, particularly, by the mapping of ES bundles in the area (Cribari et al., 2022). Indeed,
the identification, or the spatial delineation of SES has proven to be crucial for
sustainability research since it may highlight regions of the landscape where the humanenvironmental relationships are shaped following specific dynamics whose understanding
is necessary to hypothesize their changes within these systems in order to eventually define
and apply new policies for implementing their management (Ostrom, 2007; Grêt-Regamey
et al., 2014).
Previous research explained how the spatial mapping of ES bundles can be used to identify
specific SES. Furthermore, the ES bundles detection (Raudsepp-Hearne et al., 2010) has
been described as one of the available methods that can be used to uncover SES, since
tradeoffs and synergies interactions among ES and their spatial distributions (Foley et al.,
2005) may point to distinct social-ecological dynamics on the landscape and to different
human and biophysical drivers. Other studies pointed to the use of ES bundles to map SES
(Bennett et al., 2009; Hamann et al., 2015; Malmborg et al., 2021; Meacham et al., 2022),
while the method was also identified as a useful approach to operationalize the knowledge
derived from the mapping of ES bundles (Saidi & Spray, 2018).
The two SEUs consist of separate neighboring catchment systems. Therefore, they were
discussed separately since they are representative of two distinctive archetypes
characterized by surface mining operations conducted before and after the SMCRA derived
by causal mechanisms driven by distinct socio-technical processes (Cribari et al., 2021)
that lead to "consistent and plausible" (Piemontese et al., 2022) different outcomes in the
landscape. For their nature, the units present two plausible types that can be considered as
common and critical, or revelatory cases, since they may provide theoretical replication
(Yin, 2018) within the broader region of the Central Appalachian Coalfields, particularly
where MTRVF operations have been conducted (US EPA, 2003), like in the southern
coalfields of West Virginia where similar processes may be tracked due to similar
conditions resulted from the reclamation policies defined at the state level (Fedorko &
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Blake, 1998) (Figure 1). The two SEUs can provide useful knowledge to recognize, analyze
and investigate future scenarios development, through the assessment of the outcomes of
different land-use strategies for improving the sustainability, or the adaptive capacity
(Clark & Harley, 2020) of similar SES in the region. Indeed, the SEUs could be considered
representative of two distinctive archetypes (Oberlack et al., 2019; Pacheco-Romero et al.,
2021), within that region, for the distinctive landscape patterns they present and for the
problems and possible solutions they may exhibit. An exhaustive archetype analysis
(Oberlack et al., 2019; Eisenack et al., 2021) used to verify the consistency and
reproducibility of this hypothesis within the broader region of Central Appalachian was
not conducted since it was not among the objectives of this research. Nevertheless, previous
research (Cribari et al., 2021; Cribari et al., 2022) achieved in the study area provided
sufficient empirical validity to support the use of archetypes for the identification of
specific patterns that shaped the SES examined (Piemontese et al., 2022).
The two SEUs were formed by the aggregation of two different sets of ES bundles, mainly
characterized by surface coal mining processes, with subsets that present different and
characteristic social-ecological dynamics. The SEUs were based on the aggregation of
relatively small hydrologic catchments, previously defined as custom-hydrologic-units
(CHU) mapped as subgroups of the 12-digit hydrologic unit codes (HUC) (Seaber et al.,
1985) and used to map the ES bundles distribution (Cribari et al., 2022). The aggregation
of the different ES bundles that form the SES was motivated by the necessity of identifying
appropriate targets to organize and coordinate policies and management actions. Indeed,
SES and ES studies conducted at the watershed scale highlighted the importance of
tailoring the management of freshwater resources and ES at adequate spatial scales
(Carpenter et al., 2015; Cabello et al., 2015; Grigg, 2016; Hand et al., 2018; Cribari et al.,
2022). In particular, Sayles & Baggio (2017) highlighted the spatial scale mismatch
problem between governance levels and environmental systems in the context of watershed
restoration as a key issues for improving the sustainable management of freshwater and
natural resources. The SEUs are presented in Figure 2. Information about land change
processes in the study areas, the interaction of ES (including freshwater ES), and the spatial
identification of ES bundles was obtained in previous studies (Cribari et al., 2021; Cribari
et al., 2022).
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Figure 1. Delineation of the study areas within the Central Appalachian Coalfields.
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Figure 2. Delineation of the two Social Ecological Units
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3.1.1. First SEU: the Pre-SMCRA case
The first SEU (Figure 2) presents a case where former strip-mining was produced before
1977 as a result of the “shoot-and-shove” contour mining operations (Skousen & Zipper,
2021). The SEU consists of a small lateral headwater basin tributary of the Big Coal River’s
Marsh Fork branch with a total area of 3694.61 ha. It consists of a small “holler”, or
“hollow” (USC, 2021), a term locally used to define the typical small valleys with steep
mountainsides and compressed valley floors that are generally part of the larger dendritic
systems of the Appalachian Mountains.
The presence of strip mining in the SEU was mapped in previous studies using historical
aerial images, ancillary data and machine learning algorithms (Cribari et al., 2021). We
reconstructed the existence of highwalls and possible overburden deposits using LIDAR
products (WV GIS Center, 2022). The presence of high-walls suggests that these
catchments have been left unreclaimed, or they were only partially reclaimed by
spontaneous processes of vegetation colonization or by plantings produced as the outcomes
of the earliest reclamation processes adopted in WV prior to the SMCRA (USDA, 1951).
The OSMRE database confirms the presence of unreclaimed high-walls in this area
(OSMRE, 2022).
Previous studies in this area found intermediate ES values and freshwater ES generally
impaired due to the combined effects of acid mine drainage from unreclaimed overburden
and (eventually underground mining), and to the failures in the settlements sewerage
systems. Part of the SEU presents a headwater streams with relatively good ES. Previous
studies have suggested that to implement conservation strategies in this region, the overall
environmental quality of watersheds with intermediate values should be improved by
implementing management actions that will enhance ecological connectivity in areas that
are often at risk of isolation (Merriam and Petty, 2016; Cribari et al., 2022).
This SEU, overall, offers a case to investigate and implement conservation strategies in
areas, and particularly in headwatershed systems, that present impaired ES by completing
the reclamation of former strip-mining and AML produced before the SMCRA enactment.
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3.1.2. Second SEU: MTRVF case.
The second SEU presents a case with catchments that were heavily mined by coal
extraction processes. Surface mining in this SEU is characterized by strip mining produced
before the SMCRA enactment and by MTRVF conducted on former pristine mountain
ridges or previously mined land. This latter type of operations, called remining, were
usually undertaken on abandoned mine lands (AML) produced before the SMCRA that
were considered to be inadequately reclaimed. Indeed, remining permits were often
released to improve the terrain morphology and extract the residual coal (Skousen &
Zipper, 2021).
The SEU is formed by the aggregation of seven CHUs organized in two sets of ES bundles
previously obtained (Cribari et al., 2022), that comprise an area of 6466.67 ha. In these
catchments, all ES resulted generally heavily impaired. In particular, the catchments
characterized by MTRVF operations had the highest soil losses (SL) and in-stream
sediment export (SE) values, and the absolute poorest ES values found in the Headwaters
of WV Coal River. The ES previously mapped included Carbon Sequestration (C), Habitat
Quality (HQ) and a group of Freshwater ES that contained Water Contact and Recreation
(WCR), Water Supply (WS) and Aquatic Life support (AL) (Cribari et al., 2022). The
primary river trunk in the main valley of this SEU receives flows from upstream and lateral
tributary basins that contribute with additional mixed effects to the overall low quality of
the freshwater ES. Freshwater ES resulted heavily impaired even by pollutant like selenium
that represents a main issue for human health and for the high costs required for its removal
from waterbodies (Cribari et al., 2022).
Recent problems for completing the reclamations of surface mining in the region have been
connected to the multiple failures and bankruptcies of coal companies that are often unable
to complete the reclamation of former mining sites due to the high costs required, especially
in the case of selenium removal. These problems are strictly connected with the financial
mechanisms of the SMCRA and with subsequent state laws (Surber, 2013; Surber and
Simonton, 2017). Moreover, the large coal sludge impoundments constitute an extreme
risk for human populations and the environment (National Research Council, 2002).
Recent studies have proposed to reclaim these site by using industrial remediation
processes to extract rare earths and metals and activate mechanisms of economic
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profitability for the industries involved in the reclamation processes (Ziemkiewicz, 2019).
This SES presents a case to investigate what kind of post-mining land uses and
management policies may be utilized to guarantee the continuity and implementation of
reclamation practices, the improvement of sustainable transformations, and the overall
flow of ES in these areas, particularly among the local communities.

3.2. Scenarios development and ecosystem services implications
In this research, we developed the scenarios combining an intervention approach (Alcamo,
2008; Ferrier et al., 2016) with backcasting techniques (Robinson, 1982; Dreborg, 1996).
Intervention scenarios have been generally used to understand how different alternatives
may support actual decision-making processes; they generally involved the concept of
alternative or supplemental policies obtained through additional costs (Robinson, 2003).
They were applied, especially in the context of environmental studies, to evaluate policy
implementation by addressing mitigation strategies and decision-making processes mainly
on the national and local scales (Alcamo, 2008; Ferrier et al., 2016). Backcasting scenarios
on the other hand, have been used in normative settings and future studies to explore
specific goals and address the physical feasibility of desired future endpoints, not just to
evaluate the mitigation actions of current policies. Their application has often been used to
project visions or endpoints and represent desirable and more sustainable futures for the
case analyzed (Robinson, 1982; Ferrier et al., 2016). Indeed, backcasting is a methodology
that has been proposed to address complex long-term issues often related to sustainable
development problems in industrial societies. It may include high uncertainties and present
dynamics deeply grounded with the problem that may require radical changes to address a
solution (Dreborg, 1996). The use of backcasting methods has also been suggested in
contexts where ecological restoration issues are particularly relevant and complex due to
human-induced environmental degradation and where large scale coordination and vision
are necessary to overcome the present conditions (Manning et al., 2006).
In this study, three main temporal phases have been included for each one of the two SEU.
The temporal phases highlighted three groups of scenarios: the past scenarios that analyzed
pre-SMCRA conditions (1975), the present scenarios (2020), and the future alternative
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scenarios (2045). The scenarios were defined using qualitative storylines (Alcamo, 2008;
Rounsevell & Metzger, 2010) accompanied by spatial explicit land use maps, ES models,
and schematic landscape sections used to describe changes within the functional
relationships of the two SEUs analyzed (Takeuchi et al., 2016). The recent past and present
scenarios were based on information derived from the literature review, historical
orthomosaics, land-cover classifications, and land-change data. The qualitative storylines
were used to construct provocative future scenarios and highlight uncertainties, while
involving nonlinearities, discontinuities and defining causal links difficult to obtain with
models (Alcamo et al., 2005). For the outcomes of the alternative future narratives, the
maps corresponded to the endpoints of storylines that included scenarios planned with
distinct land management strategies and policies options. Moreover, critical or
transformative elements were also included within the land-use strategies and the future
scenarios. They took the form of recurrent and variable elements, comparable to key drivers
(Hines et al., 2019) or leverage points (Meadows, 1999; Abson et al., 2017; Riechers et al.,
2021; Fischer et al., 2022), that assumed different settings and were organized following
incremental levels of coordination and planning. This approach was adopted, within the
overall backcasting strategy, to simulate a progressive level of ES protection and promote
sustainability transformations (Moore et al., 2014; Herrfahrdt-Pähle et al., 2020) within the
system of functional relationships in the SEUs analyzed.
The land-use strategies adopted in the two SEUs included: traditional post-mining land
management practices (Skousen & Zipper, 2014); the use of substitutive technological
processes, like replacement or enhancement technologies (Fitter, 2013) to address the
complex reclamation issues and enhance the current ecosystems (e.g., selenium and
pollutants removal, coal sludge impoundments and former industrial sites reclamation)
(Cribari et al., 2022); the implementation of renewable energy systems on former surfacemining land (Milbrandt et al., 2014; Arnette & Zobel, 2011; James & Hansen, 2017;
Campoli et al., 2019; Hernandez et al., 2019); and, finally, the modification of existing
property-rights regimes to discuss ecosystem service flows for the potential beneficiaries
(Schlager & Ostrom, 1992; Villamagna et al., 2015; Dade et al., 2022), and for specific
purposes connected to the rehabilitation of the land with incomplete or inadequate
reclamation. It should finally be noted that the “baseline future” or the business as usual
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scenarios included in this study should be considered as extrapolations of current trends
rather than backcasting scenarios (Hines et al., 2019).
Moreover, some parameters that may characterize the dynamics of land-use change in the
study areas, and consequently the ES distribution, were kept generally as constant across
the different scenarios to facilitate their comparison. These land-change processes,
previously discussed in the study area during an interval of forty years (1976-2016),
concerned in particular: the advancement of the forest and the presence of clearcuts for
timber harvesting, the relevant changes that affected the low vegetation classes and their
substitution and transition (progressive artificialization, reduction in the valley floors and
increase in the MTR areas), the dynamics of growth and abandonment of civil and
industrial settlements, and the formation of new impoundments and water bodies (Cribari
et al., 2021). The spatial maps defined to characterize new land practices, derived from the
different narratives of the scenarios, generally involved the transformation and
reconversion of existing assets within previously defined areas (e.g., the perimeters of
mining permits or operations, the areas interested by settlements and industrial facilities),
rather than investigating further dynamics of transformation of the former features.
Two ES were integrated within each scenario and modeled using spatially explicit models
in InVEST. The ES analyzed included Carbon sequestration (C) and Habitat Quality (HQ).
The information and datasets used to model the ES in InVEST were included in the
supplementary materials. Changes in the ES metrics were analyzed across the time points
identified, from the recent past to the future scenarios (Geneletti, 2013). Moreover, the ES
frameworks allowed us to include, in the discussion phase, the often overlooked
beneficiaries, particularly the local communities, that in the region suffered the detrimental
effect of the resource curse (Auty, 1993), and the top-down decision-making system
traditionally driven by the extractive industries (Taylor et al., 2017; Tarus et al., 2017).
The beneficiaries identification, generally associated with the populated areas on the valley
floor, was included within the scenarios comparison and discussion phase. In this final
stage, the scenarios were finally integrated with the identification of potential opportunities
and threats that might concern the endpoint visions or characterize the interim phases (Kok
et al., 2011; Hines et al., 2019). These elements, including the ES metrics and the
identification of changes in the functional relationships and feedbacks within the SEUs,
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were used to finally discuss the effects of the different alternatives. Further directions about
the options to utilize for promoting the scenarios implementation have been included in the
discussion phase.

Figure 3. Flow chart of the main steps used.

3.2.1. The pre-SMCRA case study (SEU 1)
Two different future scenarios are presented within this case (Figures 7a-7c).
The first scenario (SEU.1.1) explores a baseline scenario, or business as usual scenario, in
which the reclamation of former contour-mining and highwalls has not been completed
due to mining operations realized before the SMCRA enactment. These mining operations
present a typical case of AML obtained before 1977 (Cribari et al., 2021; Skousen &
Zipper, 2021) . The scenario does not include any particular land management program.
Indeed, social and economic stagnation affects the land management due to the incomplete
reclamation that impacts the productivity of the land and the natural resources (forest,
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water). The management of forested areas does not include any specific policy concerning
timber harvesting management, forest regeneration or reforestation plans. Vegetated areas
and trees grown on former strip mining overburdens or spoil banks present conditions that
may include disturbed and unreclaimed soils, and arrested succession (Sena et al., 2021).
Freshwater resources can be still impaired by acid mine drainage from unreclaimed surface
and underground mining, and by failures in the settlements sewerage systems.
The second scenario (SEU.1.2) investigates the effects of the reclamation completion on
former AML. The former spoil banks, the highwall and the contaminated overburdens are
reclaimed with new trees plantations, and in some cases with new hiking trails. The
scenario includes the use of funding obtained through federal, state, or private land trusts
that require the land to be preserved under conservation policies that require the protection
of natural resources and freshwater ES since these areas consist of relevant headwater
systems. The policies adopted to complete the reclamation may include property rights
regimes managed through easement programs which may include the public access to the
land and the development of trail systems, the development of new forest management
plans based on sustainable practices, and a body of policies designed to protect the
freshwater ES of the watersheds (that may be extended to the possible presence of former
underground minings).
Timber harvesting or tree cutting have not been included in both scenarios to facilitate the
comparison of the ES models results. The land-use maps and parameters used to model the
ES of both scenarios are included in the supplementary materials.

3.2.2. The MTR case study (SEU 2)
Three different future scenarios are presented within this case (Figures 8a-8d).
The first scenario (SEU.2.1) is a baseline scenario, or business as usual scenario, based on
the continuing current trends with no backcasting that investigates the effects of
conventional land-uses generally applied to MTRVF reclamation in the region (Skousen &
Zipper, 2014). Reclamation of the former MTR areas has been completed using the
conventional mix of non-native grasses, legumes, and shrubs (Sena et al., 2021). Areas
within the mining permits may contain autumn-olive trees and bushes derived from the
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spontaneous process of vegetation colonization, (Oliphant et al., 2017) that may include
the remains of limited parts of previous wooden areas. Former industrial areas and coal
sludge impoundments have not been reclaimed to new productive uses. Pollutants, like
selenium from the streams, have not been removed due to the non-completion of
reclamation processes caused by failures in the bond systems and multiple coal companies
bankruptcies (Surber & Simonton, 2017).
The second scenario (SEU.2.2), named “Scattered Recovery”, simulate the effects of a
backcasting that presents a case where reclamation processes have been generally
uncoordinated and executed in a random, partial, or non-exhaustive manner throughout the
region. Although policies exist, at the federal level or state level, to facilitate investments
for the completion of reclamation and communities revitalization (e.g., US Build Back
Better Act of 2022), there is no effective coordination within the region and among the
different actors involved. Moreover, the social conflicts between different groups
belonging to local communities have not been solved (Bell, 2016). The reclamation and
economic investments have been generally conducted by single groups and individuals, or
by uncoordinated communities, organizations, and companies. For these reasons, the
success of reclamation and communities revitalization may be sporadic or scattered across
the region. Sustainable energy systems and photovoltaics parks have been carried out with
mostly sporadic developments, which do not form integrated districts or industrial greenenergy platforms (Markusen, 2017). No organized and consistent developments have been
planned for the revitalization of the former industrial areas on the valley floors. The
reclamation of rivers and coal sludge impoundments has not been completed or has been
conducted with techniques that involve the partial removal of toxic materials or their
definitive burial within the current sites. Failures in the sewage systems continue to affect
the SEUs. Forestry Reclamation Approach (FRA) techniques have been applied on MTR
sites with trees coverages that do not exceed the 40% of former mining permits, on former
barren areas previously reclaimed with the conventional fast-spreading grass mixtures.
Land reclamation plans included the use of easements to allow the opening of motorized
trails to allow for public access on former MTR areas.
The third scenario (SEU.2.3) is based on a more robust planning efforts and the
coordination of social-ecological transition policies achieved through the use of programs
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and plans defined at the regional or watershed scale and based on participatory adaptive
governance, management and planning processes that allow for incremental improvements
(Defries & Nagendra, 2017; Eisenberg, 2017; Clark et al., 2016; Marshall et al., 2012).
This scenario considers the reclamation of the surface mining areas has been accompanied
and implemented by industry upfits and retrofits obtained through technological
substitutive processes and the development of renewable energy sources. Remediation of
MTR sites, previously obtained with the typical fast-growing grasses, has been
complemented by the use of photovoltaic panels (solar parks) and wind turbines in the
suitable areas. In addition, tree planting, using the FRA (Mertens et al., 1999; Adams,
2017), has been applied to more than eighty percent of former MTR mining permits;
particularly, in areas with steep slopes for reducing landslides, runoff and erosion risks
(Reed & Kite, 2020). The reclamation of sludge coal impoundments and the removal of
pollutants from streams and former mining land have been supported by economic cycles
established by new industrial developments that include recycling, reuse, and reclamation
activities and services. The former industrial settlements in the valley floors have been
converted into industrial clusters forming interconnected industrial districts in the region
that support green industry activities and the differentiation of economic activities. These
sites host facilities that support the following activities and services. (1) They support the
connections between the solar parks on the MTR sites with the power grid and other
infrastructures. (2) They host the industrial facilities needed to complete the cleanup and
conversion of the former sludge impoundments to process the rare earth elements (REE)
from the coal byproducts they contain (Ziemkiewicz, 2019). (3) They may contain power
substations used in conjunction with renewable energy storage sources. Indeed, the use of
renewable energy in the future should be accompanied by renewable storage sources.
Recent research shows how former underground coal mining areas can be used as storage
sources that can be integrated with traditional hydropower projects or photovoltaic farms
(Ambrose, 2021). In this scenario, we assume that the sludge impoundments have been
progressively converted into clean water basins. These small basins may support hydraulic
energy production or be embedded into the storing and producing energy cycles obtained
from renewable sources (e.g., the solar park's production on former MTR sites). (4) Finally,
the former industrial sites in the valley floors may include facilities, like research centers
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and tree nurseries, used to support and complete the reclamation of former AML in the
area, and to implement the differentiation of economy.

4. Results

Figures 4 (a, b) and 5 (a, b) display the maps with the results of the ES models. The graphs
in Figures 6-7 present the trends of the two ES analyzed and the different time points,
highlighting SEUs' recovery trajectories or deterioration. HQ and C values were obtained
at the SEU scale. HQ values (Figure 6a) were based on average estimates obtained from
the two spatial units, while C values (Figure 6b) were based on the total carbon (metric
tons) stored in the SEUs. As mentioned before, in the case of C, the models used parameters
that simulate the constant growth of the forest classes over the years; all carbon
sequestration models utilized in the future scenarios excluded the presence of forest cuts
of any kind. This approach was applied to facilitate the comparison among different
scenarios by simulating constant conditions in the entire areas (or region) and excluding
land-change processes that may assume different local settings that may affect the ES
results with quantities that can cause indeterminacy during the results evaluation and
comparison phases.
The trends obtained from both units in the C-models show that, despite the large size of
the former surface mines, in the case of persistent conditions and policies that provide for
continued forest growth, the contribution of reclamation achieved by reforestation
practices remains limited when compared with the values obtained at larger scales. The
trend confirms, once again, that the target of C-sequestration promotion and protection
policies must be governed at broad scales where the climate change problem occurs.
Nevertheless, previous studies (Cribari et al., 2022) demonstrated the relevance of forest
presence for sediment retention and soil protection at the spatial scale of local units and
beneficiaries, and how the poor reclamation of MTR operations caused sediment
production, soil losses, and the disruption of freshwater ES in these ES bundles.
The HQ trends show very different patterns between the two cases analyzed. The preSMCRA case (SEU 1) shows a recovery of the HQ services, demonstrating that higher HQ
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values can be obtained with future reclamation when compared to the pre-existing 1975
conditions. On the contrary, in the case of the SEU with MTR operations (SEU 2), even in
the best-case scenario, it will probably be impossible to recouple the ES of this SES to the
pre-existing conditions of 1975, even though, at that time, these catchments were already
heavily mined with strip-minings.
Figures 7 (a, b, c) and 8 (a, b, c, d) show the scenarios for the two SEUs with the indications
of relevant opportunities and threats and the identification of changes in the functional
relationships and informational feedback.
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Figure 4a. SEU 1, Land covers, Carbon Sequestration and Habitat Quality maps (1975, 2020, 2045).
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Figure 4b. SEU 1, Land covers, Carbon Sequestration and Habitat Quality maps (1975, 2020, 2045).
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Figure 5a. SEU-2, Land covers, Carbon Sequestration and Habitat Quality maps (1975, 2020, 2045).
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Figure 5b. SEU-2, Land covers, Carbon Sequestration and Habitat Quality maps (1975, 2020, 2045).
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Figure 6a. C trends in the two SEUs.

Figure 6b. HQ trends in the two SEUs.

117

Figure 7a. Pre-SMCRA - Case study SEU 1. - Current situation (2020)
Transformation of functional relationships within the SEU. Opportunities and threats comparison.

118

Figure 7b. Pre-SMCRA - Case study SEU 1. – Business as Usual Scenario 2045.
Transformation of functional relationships within the SEU. Opportunities and threats comparison.
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Figure 7c. Pre-SMCRA - Case study SEU 1. – Best Case Scenario 2045.
Transformation of functional relationships within the SEU. Opportunities and threats comparison.
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Figure 8a. MTR - Case study SEU 2. – Current Situation 2020.
Transformation of functional relationships within the SEU. Opportunities and threats comparison.
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Figure 8b. MTR - Case study SEU 2. – Business as Usual Scenario 2045.
Transformation of functional relationships within the SEU. Opportunities and threats comparison.
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Figure 8c. MTR - Case study SEU 2. – Business as Usual Scenario 2045.
Transformation of functional relationships within the SEU. Opportunities and threats comparison.
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Figure 8d. MTR - Case study SEU 2. – Best Case Scenario 2045.
Transformation of functional relationships within the SEU. Opportunities and threats comparison.

124

5. Discussion

This study extends the findings of previous research focused on ES change in the ruralmining region of Central Appalachians (Cribari et al., 2022). The results of the current
study allowed us to present the changes that occurred in the two SES analyzed through the
development of a seventy-year time period, starting with the recent past (1975), moving
through present conditions and finally using backcasting techniques to project possible
future states of the two SEUs in a series of short-term scenarios (Holmberf & Robbt, 2000).
The scenarios simulate some boundary conditions to which such SEUs might tend in the
near future in consideration of present and past conditions. In this sense, the delineation of
two different SEUs (or archetypes) allowed us to emphasize both, the different approaches
needed to address the issue of socio-ecological recovery of areas with different
characteristics, and to investigate (through the simulations of some ES models) the capacity
that such systems might have to recover certain ecological functions that were
compromised, or profoundly altered, in the past.
Although the ES models used are simplified in scope, and have some limitations already
highlighted in the methods and results section, they allow for some considerations
concerning both the performance of the metrics and the synergies and trade-offs
mechanisms that might occur in the future distribution of ES. The results also enable us to
draw some considerations about the concepts of scale and the appropriate targets for ES
service planning.
The carbon sequestration model (C), for example, highlights the limited effects that
individual areas reclaimed to forest can have in the short term future when compared to a
larger spatial scale, such as the macroregional one. It is important in this regard that the
growth of forest ecosystems in the Appalachian Region should be promoted by
conservation strategies at the scale of the entire region to mitigate the impacts of climate
change. On the contrary, multiple studies have highlighted, the importance of forest
ecosystems for the protection and restoration of other ecosystem services in mining regions
(Heather et al., 2011; Simmons et al., 2008). For the areas examined these services include
the sediment retention capacity, the mitigation of adverse effects such as soil losses and
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gully erosion, the protection from landslides and flood events, and finally the promotion of
reach and diverse ecosystems.
HQ models allowed to support reasonings already conducted in previous studies
concerning the delineation of ES bundles in the study area (Cribari et al., 2022). Indeed,
previous studies emphasize the importance that the recovery of specific areas may have
with respect to the local areas, the local communities and beneficiaries (Villamagna et al.,
2013). Moreover, the HQ models point out that some areas (like the pre-SMCRA SEU)
may be easier to recover since the reclamation, in the area investigated, seems to be easier
and less expensive than in the SEU2.
The comparison of two ES models confirm, once again, that the inclusion of multiple ES
is fundamental to understand changes in ES and the possible tradeoffs and synergies in
these areas. Moreover, the use of backcasting techniques in scenarios’ construction, and
the identification of changes within the SES functional relationships and informational
feedback, made it possible to simulate the effects of changes otherwise difficult to achieve
with traditional models. Such feedback can be generated by technological changes
introduced in the scenarios, such as the use of technologies to protect certain ES, the
introduction of new renewable energy systems, and finally, the simulation of the effects of
reclamation conducted using different levels of implementations. The qualitative
description of these elements made possible to represent how certain elements may
influence the coupling and/or de-coupling trajectories of the SES and their possible impacts
on the ES in the upcoming scenarios.
Moreover, the differentiation of the two units highlighted the need to use different
management approaches and policies to deal with problems of different intensity and scale.
As already discussed in the previous sections, the two units can be considered as potential
archetypes that can be generally replicated into the broader Appalachian Region where
MTR operation are widespread. It should also be mentioned, that recently, the study of
archetypes has become relevant in sustainability studies (Oberlack et al., 2019; Eisenack
et al., 2019). Indeed, social-ecological archetypes can be used to suggest typologies of
possible solutions that can be potentially reproduced in broader contexts to foster more
sustainable transformations (Moore et al., 2014) and tailoring their use to the specific
instances, since SES are complex and nested systems characterized by interscalar
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relationships (Gain et al., 2020).
The ES models highlight the existence of at least two main extractive cycles related to
surface mining development in this region, identified by the two SEU used in this study,
and connected to different socio-technical transitions (Geels, 2019). The first cycle, which
began at the turn of World War II, had already involved serious problems (landslide,
erosion, acid mining drainage) (McGinley, 2004) that were attempted to be solved by two
main legislative frameworks defined at the federal level in 1977: the SMCRA and the Clean
Water Act. Both acts were conceived as interconnected frameworks (Copeland, 2013).
The first mining cycle was overlaid about a decade later by a new cycle in which MTRVF
practices became widespread, in many cases also accompanied by the granting of mining
permits motivated by the need to complete reclamation through remining practices. New
socioeconomic and technological factors emerged during this phase including: generalized
trends of deregulation and devolution from the federal control, processes of progressive
deunionization that involved the workforce and the local communities, and finally, the
further mechanization of labor that contributed to reduce the number of workers (e.g.,
innovations in longwall mining technologies in underground mines, and the increased scale
of surface mining operations in the areas of MTR region).
Coal production data, with reference to Raleigh County where the two SEUSs are located,
show how MTR activities increased especially from the moment a decline in underground
mine production was recorded, probably due to the depletion of the latter mines (Table
S18). The mining cycle imputable to MTR practices ultimately proved to be more
impactful, than its predecessor, due to the extent of scale and intensity of new operations,
and the almost systematic obliteration of some ecosystems that has permanently
compromised and altered the orographic and environmental characters of many areas of
the region.
Many of the post-mining landscapes in the MTR region (Figure 1) are frequently
characterized by stagnation and inaction. These are the effects that recent literature has
often defined as being common in those cases where highly complex, and difficult to solve,
socio-ecological problems are encountered, as in the case of the socio-ecological traps
(Boonstra & De Boer, 2014); or again, as in the case of wicked problems that result in
inaction phenomena due to the fact that such problems are often, by definition, difficult or
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impossible to solve (Rittel & Webber, 1973; Defries & Nagendra, 2017).
Indeed, in the cases mentioned above, mechanisms of inaction are generated often because
of the inability to find agreements at the level of local communities, which is often the case
of coal-mining communities of Central Appalachia (Bell, 2016). But also because of the
lack of incentives that block possible changes in behaviors in the communities, together
with the implementation of potentially acceptable alternative activities and pathways for
the future. In addition, the lack of coordination and of a central authority, and the fact that
stakeholders are generally involved in both the problem and the solution, ensure that any
solution becomes impossible and that communities are characterized by fatalism and
opposition (Henrich Bruggemann et al., 2012; Lazarus, 2009). Moreover, some authors
pointed out that the lack of large-scale visions and coordination makes it unlikely that
success in the ecological restoration of large functioning ecosystems can be achieved
through the cumulative effects of small-scale and almost-randomly constructed projects
(Manning et al., 2006). This is the case simulated in the second MTR scenario (SEU.2.2,
the “Scattered Recovery”).
In such cases, the production of backcasting scenarios and horizon scanning (Amanatidou
et al., 2012) can be an appropriate approach to overcome the current obstacles and shift the
focus to a future where a radical change is possible (Cook et al., 2014). Adaptive
management and collaborative planning are two of the approaches proposed to overcome
such wicked problems connected to ecosystem management and restoration (Defries &
Nagendra, 2017). Both best scenarios cases in the two SEUs propose approaches that
require coordination among general interests, local communities, and land ownership. Both
of them propose the modification of current property rights regimes in order to trigger new
investments. Furthermore, again, both scenarios involve the use of practices based on the
strengthening of central coordination, obtainable through planning tools, and the use of
long-standing approaches such as those proposed by adaptive governance and
comanagement methods (Eisenberg, 2017). Especially because the successes of the
practices suggested within the best case scenarios should be achieved at a widespread scale,
that is, the sub-regional one, in order to avoid the risks that isolated and sporadic practices
may be experienced. Indeed, isolated experiences are unlikely to achieve the restoration of
large ecosystems or the benefits that can be obtained from economies and social dynamics
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on larger scales.
In both the SEU analyzed the social and ecological rehabilitation should be considered as
a fundamental prerequisite to further forms of incentive programs that are traditionally used
to implement ES provisioning; like recent study reported for different programs used by
land conservation agencies and payments for ES (PES) programs in the U.S. Northeast
(Coleman & Machado, 2022). Therefore, we suggest that specific programs should be
tailored for those areas and communities identified in this study and characterized by postmining landscapes. Due to the complexities of the cases analyzed, these programs should
include the use of adaptive governance or management approaches, accompanied by the
usage of comprehensive plans coordinated through regional planning efforts. These
programs should then integrate specific approaches such as the development of a regional
green infrastructure program in the coalfield communities and the further integration of
protection programs that include the use of PES approaches.
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1. Land cover data

Table S1. Land cover 1976.
Class
Forest
Low vegetation
Surface mining
Water bodies
Settlements
Roads (Primary and secondary
roads)
Coal plants
Sludge impoundments
Railroads

Data source - Method
1976 LC
1976 LC
1976 LC
1976 LC
1976 LC
Edited from “Roads - 1:4800 Scale “
1976 LC - 1976 Orthomosaic
1976 LC -1976 Orthomosaic
Edited from Rail Road (Samb 2003)

Reference
(Cribari et al., 2021)
(Cribari et al., 2021)
(Cribari et al., 2021)
(Cribari et al., 2021)
(Cribari et al., 2021)
West Virginia GIS Technical
Center (2020)
(Cribari et al., 2021)
(Cribari et al., 2021)
West Virginia GIS Technical
Center (2020)

Table S2. Land cover 2020.
Class
Barren
Coal processing facilities
Forest
Forest from 1996
Forest from 1976
Impervious areas
Low vegetation
Mix developed areas
MTR- Barren
MTR- Grass
MTR - Impervious
Railroads
Roads (Primary roads & Secondary
roads)
Water
Sludge impoundments

Data source - Method
2016 LC
From NAIP images
2016 LC
1996 LC (land-change study)
1976 LC (land-change study)
2016 LC
2016 LC
2016 LC and Microsoft building shape file
From 2016 LC overlaying surface mining
permits
From 2016 LC overlaying surface mining
permits
From 2016 LC overlaying surface mining
permits
Rail Road (Samb 2003)
Roads - 1:4800 Scale
2016 LC
From 2016 LC water classes and visual
classification
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Reference
(Maxwell et al., 2019)
NAIP (2016)
(Maxwell et al., 2019)
(Cribari et al., 2021)
(Cribari et al., 2021)
(Maxwell et al., 2019)
(Maxwell et al., 2019)
(Maxwell et al., 2019)
WVDEP (2020)
WVDEP (2020)
WVDEP (2020)
West Virginia GIS Technical
Center (2020)
West Virginia GIS Technical
Center (2020)
(Maxwell et al., 2019)
(Maxwell et al., 2019); (NAIP,
2016)

2. Carbon Pools Values
The estimation of carbon density (Table S3-S7) in four carbon pools (aboveground biomass,
belowground biomass, soil, and dead matter) was obtained from the literature review of similar
studies (Smith et al., 2006; Sperow, 2006; Rabindranath & Ostwald, 2008; Avera et al., 2015;
Sharp et al., 2020; Cribari et al., 2022).

Table S3 – Carbon Pools 1976
lucode

LULC_Name

C_above

C_below

C_soil

C_dead

1

Forest (30-35 y. old)

40

14

45

12

2

low vegetation

10

5

20

5

3

Surface mining

0

0

0

0

4

Water

0

0

10

0

5

Settlements

5

3

10

0

6

Roads

0

0

10

0

7

Coal processing plant

0

0

0

0

8

Sludge imp

0

0

0

0

9

Railroads

0

0

10

0

Table S4 – Carbon Pools 2020
lucode

LULC_Name

C_above

C_below

C_soil

C_dead

1

Forest

90

60

75

25

2

Grass - low vegetation

10

5

20

5

3

Barren

0

0

10

0

4

Water

0

0

10

0

5

Impervious areas

0

0

10

0

6

Mix developed

5

3

10

0

7

Water Sludge

0

0

0

0

8

Barren_MTR

0

0

0

0

9

Impervious_MTR

0

0

0

0

10

Grass_Mtr

0

0

0

0

11

Disturbed forest from 1976 barren

60

30

15

10

12

Railroads

0

0

10

0

13

Highway - roads

0

0

10

0

14

Primary - roads

0

0

10

0

15

Secondary - roads

0

0

20

0

16

Disturbed Recent forest from 1996

60

30

30

10
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Table S5 – Carbon Pools 2045 Business as Usual Scenario
lucode

LULC_Name

C_above

C_below

C_soil

C_dead

1

Forest (95-100 years old)

109

36

73

22

2

Low vegetation

10

5

20

5

3

Barren land

0

0

10

0

4

Water bodies

0

0

10

0

5

Impervious areas

0

0

10

0

6

Mix developed areas

5

3

10

0

7

Water sludge impoundment

0

0

0

0

8

MTR-NewGrasses

2

2

4

2

9

Roads

0

0

10

0

10

MTR-Grass (from 2020)

2

2

5

2

11

Forest from 1976 barren (70 years old)

80

20

65

20

12

Railroads

0

0

10

0

13

Forest from 1996 (50 years old)

65

22

35

10

14

Coal processing facilities

0

0

0

0

15

Forest 2016 (30 years old)

36

14

13

12

Table S6 – Carbon Pools 2045 Intermediate Scenario (only for the SEU 2)
lucode

LULC_Name

C_above

C_below

C_soil

C_dead

1

Forest (95-100 years old)

109

36

73

22

2

Low vegetation

10

5

20

5

3

Barren land

0

0

10

0

4

Water bodies

0

0

10

0

5

Impervious areas

0

0

10

0

6

Mix developed areas

5

3

10

0

7

Water sludge impoundment (outside)

0

0

0

0

8

MTR-NewGrasses

2

2

4

2

9

Roads

0

0

10

0

10

MTR-Grass

2

2

5

2

11

Forest from 1976 barren (70 years old)

80

20

65

20

12

Railroads

0

0

10

0

13

Forest from 1996 (50 years old)

65

22

35

10

14

Coal processing facilities

0

0

0

0

15

Forest 2016 (30 years old)

36

14

13

12

16

SludgeImp_with_grasses

0

0

1

0

17

MTR_FRA_Forest2045 (25 y. old)

32

11

10

10
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Table S7 – Carbon Pools 2045 Best Case Scenario
lucod
e

LULC_Name

C_above

C_below

C_soil

C_dead

1

Forest (95-100 years old)

109

36

73

22

2

Low vegetation

10

5

20

5

3

Barren land

0

0

10

0

4

Water bodies

0

0

10

0

5

Impervious areas

0

0

10

0

6

Mix developed areas

5

3

10

0

7

Water_formerSI-2

0

0

10

0

8

MTR-NewGrasses

2

2

4

2

9

Roads

0

0

10

0

10

MTR-Grass

2

2

5

2

11

Forest from 1976 barren (70 years old)

80

20

65

20

12

Railroads

0

0

10

0

13

Forest from 1996 (50 years old)

65

22

35

10

14

New industries

0

0

0

0

15

Forest 2016 (30 years old)

36

14

13

12

16

Water_formerSI-1

0

0

10

0

17

MTR_FRA_Forest2045 (25 y. old)

32

11

10

10
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3. Habitat Quality model parameters
Threats data and Sensitivity of Land Cover Types to Each Threat in the following tables (S8-S17)
were obtained from the literature review of similar studies (Cribari et al., 2022; Duarte et al., 2016;
Terrado et al., 2016; Sharp et al., 2020).
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Table S8 – Habitat Quality Sensitivity 1976

L_Barren

L_Roads

L_CoalPlants

L_Sludge

L_RailRoad

L_Settlements

LULC

NAME

HABITAT

1976

1976

976

1976

1976

1976

1

Forest

0.9

0.9

0.7

1

1

0.7

0.6

2

Low vegetation

0.7

0.8

0.45

1

1

0.45

0.45

3

Surface mining-barren

0.3

0.5

0

0.1

0.3

0

0

4

Water bodies

0.9

0.8

0.5

1

1

0.5

0.5

5

MixDev

0.3

0.6

0.1

1

1

0.1

0.1

6

Roads

0

0

0

0

0

0

0

7

Coal plants

0

0

0

0

0

0

0

8

Sludge impoundments

0

0

0

0

0

0

0

9

Rail roads

0

0

0

0

0

0

0
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Table S9– Habitat Quality Threats 1976
MAX_DIST

WEIGHT

THREAT

DECAY

DESCRIP

5

1

Sludge_1976

linear

Sludge impoundments

5

1

CoalPlants_1976

linear

Coal Preparation plants

5

0.7

Settlements_1976

linear

Low density residential areas

5

1

Barren_1976

linear

Strip mining before 1976

3

1

RailRoad_1976

linear

Rail roads

1.5

0.7

Roads_1976

linear

Roads
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Table S10 – Habitat Quality Sensitivity 2020

HABIT

L_Barr_M

L_BarrFor1

L_CoalProcP

L_CoalSlu

L_Grass_M

L_Imp_M

L_ImpAr

L_MixD

L_Prim_ro

L_RailR

L_Sec_ro

LULC

NAME

AT

TR

976

lant

dge

TR

TR

eas

ev

ads

oad

ads

1

Forest

0.9

0.9

0.6

1

1

0.7

0.9

0.7

0.6

0.7

0.7

0.7

2

Grass

0.7

0.8

0.5

1

1

0.8

0.45

0.45

0.45

0.45

0.45

0.45

3

Barren

0.1

0

0

0.1

0.3

0.2

0

0

0

0

0

0

Water

0.9

0.5

0.5

1

1

0.5

0.5

0.5

0.5

0.5

0.5

0.5

4

Impervious
5

areas

0.1

0

0

0.1

0.5

0.1

0.5

0

0

0

0

0

6

Mix developed

0.3

0.7

0.3

0.5

1

0.1

0.5

0.1

0

0.1

0.1

0.1

7

Water Sludge

0

0

0

0

0

0

0

0

0

0

0

0

Barr_MTR

0

0

0

0.2

0.2

0

0

0

0

0

0

0

8

Impervious_MT
9

R

0

0

0

0.2

0.2

0

0

0

0

0

0

0

10

Grass_Mtr

0.1

0

0

0.3

0.3

0

0

0

0

0.1

0.1

0.1

Disturbed forest
from 1976
11

barren

0.5

0.4

0

0.7

0.7

0.3

0.3

0.3

0.3

0.3

0.3

0.3

12

Railroads

0

0

0

0

0

0

0

0

0

0

0

0

13

highway - roads

0

0

0

0

0

0

0

0

0

0

0

0

14

Primary - roads

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0.6

0.4

0.4

0.7

0.7

0.3

0.3

0.3

0.3

0.3

0.3

0.3

0

0

0

0

0

0

0

0

0

0

0

0

Secondary 15

roads
Disturbed forest

16

from 1996
CoalProcessing

17

Plant
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Table S11 – Habitat Quality Threats 2020
MAX_DIST

WEIGHT

THREAT

DECAY

DESCRIP

5

1

CoalSludge

linear

Sludge impoundments

5

1

CoalProcPlant

linear

Coal Preparation plants

5

0.7

MixDev

linear

Low density residential areas

5

0.7

ImpAreas

linear

Impervious areas

6

0.7

BarrFor1976

linear

Forest on barren land 1976

4

1

Barr_MTR

linear

Invasive species

4

1

Imp_MTR

linear

Invasive species

6

0.7

Grass_MTR

linear

Reclaimed MTR areas _inv. Spec.

3

1

RailRoad

linear

Rail roads

1.5

0.7

Prim_roads

linear

Roads

1.5

0.7

Sec_roads

linear

Roads
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Table S12–– Habitat Quality Sensitivity 2045 Business as Usual Scenario
HABITA

L_NewGrassMT

L_BarrFor197

L_CoalProcPla

L_CoalSlud

L_Grass_MT

L_ImpAre

L_MixDe

L_RailRoa

LULC

NAME

T

R

6

nt

ge

R

as

v

L_Roads

d

1

Forest

0.9

0.6

0.4

1

1

0.6

0.7

0.6

0.7

0.7

2

Low vegetation

0.7

0.6

0.3

1

1

0.6

0.45

0.45

0.45

0.45

3

Barren land

0.1

0

0

0.1

0.3

0

0

0

0

0

4

Water bodies

0.9

0.3

0.4

1

1

0.3

0.5

0.5

0.5

0.5

5

Impervious areas

0.1

0.1

0

0.5

0.5

0.1

0

0

0

0

6

Mix developed areas

0.3

0.1

0.3

0.5

1

0.1

0.1

0

0.1

0.1

Water sludge
7

impoundment

0

0

0

0

0

0

0

0

0

0

8

MTR-NewGrasses

0.4

0

0.5

0.7

1

0

0

0

0.1

0.1

9

Roads

0

0

0

0

0

0

0

0

0

0

10

MTR-Grass

0.4

0

0.5

0.5

0.3

0

0

0

0.1

0.1

11

Forest from 1976

0.5

0.3

0

0.6

0.7

0.3

0.4

0.3

0.3

0.3

12

Railroads

0

0

0

0

0

0

0

0

0

0

13

Forest from 1996

0.7

0.3

0.4

0.7

0.7

0.3

0.7

0.5

0.3

0.3

Coal processing
14

facilities

0

0

0

0

0

0

0

0

0

0

15

Forest 2016

0.7

0.6

0.4

1

1

0.6

0.7

0.6

0.7

0.7
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Table S13– Habitat Quality Threats 2045 Business as Usual Scenario

MAX_DIST

WEIGHT

THREAT

DECAY

DESCRIP

6

0.7

NewGrassMTR

linear

Reclaimed MTR areas conv.

6

0.7

BarrFor1976

linear

Forest on barren land 1976

5

1

CoalProcPlant

linear

Coal Preparation plants

5

1

CoalSludge

linear

Sludge impoundments

6

0.7

Grass_MTR

linear

Reclaimed MTR areas conv.

5

0.7

ImpAreas

linear

Impervious areas

5

0.7

MixDev

linear

Low density residential areas

1.5

0.7

Roads

linear

Roads

3

1

RailRoad

linear

Rail roads
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Table S14 – Habitat Quality Sensitivity 2045 Intermediate Scenario
HABITA

L_NewGras

L_BarrFor

L_CoalProc

L_CoalSl

L_Grass_

L_ImpAr

L_MixD

L_Prim_r

L_RailR

L_Sec_r

L_Sludg

LULC

NAME

T

sMTR

1976

Plant

udge

MTR

eas

ev

oads

oad

oads

e-grasses

1

Forest

0.9

0.6

0.4

1

1

0.6

0.7

0.6

0.7

0.7

0.7

0.8

2

Low vegetation

0.7

0.6

0.3

1

1

0.6

0.45

0.45

0.45

0.45

0.45

0.8

3

Barren land

0.1

0

0

0.1

0.3

0

0

0

0

0

0

0.2

4

Water bodies

0.9

0.3

0.4

1

1

0.3

0.5

0.5

0.5

0.5

0.5

1

5

Impervious areas

0.1

0.1

0

0.5

0.5

0.1

0

0

0

0

0

0.3

6

Mix developed areas

0.3

0.1

0.3

0.5

1

0.1

0.1

0

0.1

0.1

0.1

0.4

Water sludge
7

impoundment

0

0

0

0

0

0

0

0

0

0

0

0

8

MTR-NewGrasses

0.4

0

0.5

0.7

1

0.3

0

0

0.1

0.1

0.1

0.7

9

Roads

0

0

0

0

0

0

0

0

0

0

0

0

10

MTR-Grass

0.4

0

0.5

0.7

1

0.3

0

0

0.1

0.1

0.1

0.7

11

Forest from 1976

0.5

0.3

0

0.6

0.7

0.3

0.4

0.3

0.3

0.3

0.3

0.8

12

Railroads

0

0

0

0

0

0

0

0

0

0

0

0

13

Forest from 1996

0.7

0.3

0.4

0.7

0.7

0.3

0.7

0.5

0.3

0.3

0.3

0.8

facilities

0

0

0

0

0

0

0

0

0

0

0

0

Forest 2016

0.7

0.6

0.4

1

1

0.6

0.7

0.6

0.7

0.7

0.7

0.8

0.2

0

0.2

0.5

0.8

0.3

0.2

0.1

0.5

0.5

0.5

0.5

0.7

0.6

0.4

1

1

0.6

0.7

0.6

0.7

0.7

0.7

0.8

Coal processing
14
15

SludgeImp_with_gras
16

ses
MTR_FRA_Forest20

17

45
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Table S15 – Habitat Quality Threats 2045 Intermediate Scenario

MAX_DIST

WEIGHT

THREAT

DECAY

DESCRIP

5

1

CoalSludge

linear

Sludge impoundments

5

1

CoalProcPlant

linear

Coal Preparation plants

5

0.7

MixDev

linear

Low density residential areas

5

0.7

ImpAreas

linear

Impervious areas

6

0.7

BarrFor1976

linear

Forest on barren land 1976

6

0.7

Grass_MTR

linear

Reclaimed MTR areas conv.

3

1

RailRoad

linear

Rail roads

1.5

0.7

Prim_roads

linear

Roads

1.5

0.7

Sec_roads

linear

Roads

6

0.7

NewGrassMTR

linear

Reclaimed MTR areas conv.

3

0.7

Sludge-grasses

linear

Partially reclaimed sludge imp.
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Table S16– Habitat Quality Sensitivity 2045 Best Case Scenario

LULC

NAME

HABITAT

L_NewGrassMTR

L_New_ind

L_Grass_MTR

L_ImpAreas

L_MixDev

L_Prim_roads

L_RailRoad

L_Sec_roads

1

Forest

0.9

0.3

0.1

0.3

0.6

0.6

0.7

0.7

0.7

2

Low vegetation

0.7

0.3

0.1

0.3

0.45

0.45

0.45

0.45

0.45

3

Barren land

0.1

0

0

0

0

0

0

0

0

4

Water bodies

0.9

0.2

0.1

0.2

0.5

0.5

0.5

0.5

0.5

5

Impervious areas

0.1

0.1

0

0.1

0

0

0

0

0

6

Mix developed areas

0.3

0

0

0

0.1

0

0.1

0.1

0.1

7

Water_formerSI-2

0

0

0

0

0

0

0

0

0

8

MTR-NewGrasses

0.4

0.2

0

0.2

0

0

0.1

0.1

0.1

9

Roads

0

0

0

0

0

0

0

0

0

10

MTR-Grass

0.4

0.2

0

0.2

0

0

0.1

0.1

0.1

11

Forest from 1976

0.5

0.3

0

0.3

0.3

0.3

0.3

0.3

0.3

12

Railroads

0

0

0

0

0

0

0

0

0

13

Forest from 1996

0.7

0.3

0.1

0.3

0.6

0.5

0.3

0.3

0.3

14

New industries

0.3

0

0

0

0.1

0

0.1

0.1

0.1

15

Forest 2016

0.7

0.3

0.1

0.3

0.6

0.6

0.7

0.7

0.7

16

Water bodies

0.9

0.3

0.1

0.3

0.5

0.5

0.5

0.5

0.5

17

MTR_FRA_Forest2045

0.7

0.3

0.1

0.3

0.6

0.6

0.7

0.7

0.7
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Table S17 – Habitat Quality Threats 2045 Best Case Scenario
MAX_DIST

WEIGHT

THREAT

DECAY

DESCRIP

1

0.3

New_ind

linear

New Industries

5

0.7

MixDev

linear

Low density residential areas

5

0.7

ImpAreas

linear

Impervious areas

6

0.7

Grass_MTR

linear

Reclaimed MTR areas conv.

3

1

RailRoad

linear

Rail roads

1.5

0.7

Prim_roads

linear

Roads

1.5

0.7

Sec_roads

linear

Roads

6

0.7

NewGrassMTR

linear

Reclaimed MTR areas conv.
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Table S18 - Coal Production in Raleigh County 1976-2016. Data obtained from the WV Office of MHS&T.
September 18, 2020.

YEAR

COUNTY

1976

EMPLOYMENT

UNDERGOUND

SURFACE

TOTAL

RALEIGH

5.730.110

1.097.708

6.827.818

1977

RALEIGH

5.328.966

952.068

6.281.034

1996

RALEIGH

1.696

12.364.866

1.224.837

13.589.703

2016

RALEIGH

1.256

3.297.016

2.697.887

5.994.903

Figure S1 - Graph of table S18.
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5. Conclusions
The overall aim of this dissertation was to produce new useful knowledge to understand
how land degradation processes produced by humans in the region examined altered
the landscape affecting the flow and distribution of ecosystem services. The knowledge
built in the first stages, throughout the analyses and mapping, was used to produce a
better understanding of the current landscape. In particular, the information obtained
was used to investigate, and then discuss, the mechanisms of human-environment
interaction that contributed to shaping the current conditions in the social-ecological
systems identified. This phase was helpful in discerning through the repetitive and
nested patterns of the landscape, allowing for the adoption of adequate spatial scales
used to foster policies and management actions at the appropriate social-ecological
level.
The study's findings highlighted the importance of historical land cover datasets in
landscape analyses and land-change studies. In the cases analyzed, historical land
covers have proven to be particularly useful since they were obtained with highresolution (1-5 meters) and accuracy assessments. The information derived from
historical land cover maps demonstrated its importance for enabling the linkage with
other sets of historical data derived from different fields of research (e.g., environmental
history, rural and social studies, environmental law reviews) and allowing for the
production of knowledge that includes the definition of an explicit spatial dimension.
In the case analyzed, the knowledge derived from a relatively small study area (around
60,000 hectares) enabled the discussion of land change drivers often interconnected
with processes that interested larger scales, like the regional or the global scale (like in
the case of global demand for energy and raw materials). The small scale allowed for
the definition of processes that are relevant for the social-ecological dynamics and
landscape governance. It also enabled the recognition and reproducibility of specific
land dynamics in broader areas facilitating the implementation of policies for landscape
management that can be tailored for targeting particular sets of problems that otherwise
could appear unsolvable. For the above mentioned reasons, the author suggests that a
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more detailed set of information at the state and regional levels (Appalachian Region)
should be produced in order to support a better understanding of the humanenvironmental interactions and their consequences at the landscape level. These sets of
information are particularly relevant in those contexts where intense human-driven
land-change processes occurred in the past, like in the case analyzed where surface coal
mining was found to be the primary driver of land-change.
The first set of information that should be implemented concerns the definition of land
cover regional databases that include historical and homogeneous information. This
research outlined, for the region examined, the importance of surface coal mining and
the included transition classes. This study, together with other ones repeatedly
mentioned in the previous chapters, emphasizes the limitations that the National Land
Cover Database (NLCD) had concerning the historical distribution of surface mining
classes. Furthermore, the importance of using homogeneous information (e.g.,
definition and number of land cover classes) is highlighted to allow for better
comparison among non-uniform datasets and for facilitating the reproducibility of
results in further studies.
The second set of information that should be implemented consists of the definition of
scalable sets of hydrologic units or catchments that should be introduced as an
additional level in the current hydrologic subdivision of the Hydrologic Unit Codes
(HUC) derived from the US Hydrologic Unit Maps (Seaber, 1985). This level of
hydrologic units coding should be adopted following a pattern that would conform to a
HUC-14 level, a further and scalable level that should provide information on water
quality on a micro-watershed scale; a spatial scale that should be based on units smaller
than the actual subwatershed or HUC-12 level.
The findings of this research suggest that the smallest sets of spatial units, consisting of
the set of custom hydrologic units defined, improved the understanding of ecosystem
services metrics and the definition of ecosystem services trade-offs and bundles,
particularly in the case of freshwater ecosystem services. The study's outcomes
explained why a larger level of spatial analysis could bring weak conclusions. These
units should be kept consistent and scalable following the national levels of
management and mapping. Due to the particular conditions and the morphological
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conformation of the Central Appalachian landscape, the above mentioned spatial scale
of mapping should be introduced at the regional level (e.g., Appalachian Regional
commission), or at least at the State level, to improve the definition of socialenvironmental policies that can be used to address the livability of the local
communities. Indeed, it is worth mentioning that several rural communities in the area
examined consist of unincorporated communities that generally do not have a municipal
organization or any database infrastructure that can provide a reproducible set of social
and environmental information. Census spatial units were often subjected to changes in
the past, while other databases are generally available at the County level. This study
demonstrated why using larger spatial units, even smaller than counties, does not allow
for understanding social-ecological interactions at the landscape scale of analysis (e.g.,
ecosystem services interaction and distribution, pollutants distribution and mapping,
natural resource mapping).
At the state level, like in the case of West Virginia, the HUC-14 spatial level should be
used to implement the mapping of impaired streams used by the state environmental
protection agencies. This approach would improve the consistency of the data and the
reproducibility of the information used, even across temporal series, to facilitate the
comparison of changes and eventually address the success or failure of specific policies,
like in the case of reclamation or water policies implementation. Moreover, this further
level of mapping will provide a uniform base independent of the variations and changes
produced by multiple and independent studies. Single studies often introduce tailored
levels of spatial analysis and data that are too often non-coherent or comparable with
neighborhood watersheds or across broader scales, like the State or the regional level.
The new set of hydrologic units, if connected to specific policies (e.g., permit releases
for natural resources extraction and management, reclamation effects, water quality
policies), can provide an appropriate social-ecological unit level where landscape
governance policies can be addressed and managed to assess the effects of specific
impacts derived by human activities (especially in the cases where other database
infrastructure is not present). Furthermore, a dataset based on information with
historical and reproducible character would allow for comparing the impacts of human
activities, before and after the implementation of environmental policies. Finally, it will
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help target spatial areas that impact local populations' quality of life, avoiding common
mismatch problems previously found in watershed management studies.
An infrastructure of data concerning the sets of the information above mentioned could
be implemented for supporting large-scale management plans, like the development of
a regional green infrastructure system, that should be used to interconnect possible
further State conservation programs or for implementing existing programs (USACE
& ORSANCO, 2020).
The findings of this research suggest that the application of a green infrastructure
strategy in the Appalachian Region could be used to encourage nature conservancy,
land restoration programs, and community development. As highlighted in the previous
chapters, the use of ecosystem services metrics should be applied to link the social,
ecological, and economic dimensions of planning that are fundamental in the
management of land systems. The green infrastructure should foster the application of
ecosystem services and be conceived as a tool that supports multifunctional uses and
programs. For example, it can be used to improve the resilience and adaptability of
urban systems or small settlements to climate change and flash floods through the
implementation of stormwater management and flood protection programs. In addition,
the green infrastructure could support the implementation of interconnected greenways
and trail corridors that can be connected to larger systems, like the Appalachian Trail
(McKinley et al., 2019). The green infrastructure strategy can be used as a tool to
improve and promote social equity because of the public accessibility to the natural
spaces. Outdoor spaces, natural parks, urban green spaces, rural and urban trails have
been proven to be essential during the COVID-19 emergency, and their use and
importance have surged across the world since the beginning of the pandemic (Brown
et al., 2020; Lopez et al., 2021; Noszczyk et al., 2022; Geneletti et al., 2022).
The identification of specific sets of ecosystem services bundles, as demonstrated in
this research, can address and tailor the enactment of specific programs used to target
different strategies and social ecological units; like in the cases of land conservation, to
implement reclamation programs, or applying the use of enhancement technologies to
protect and restore the output of ecosystem services in specific areas (Fitter, 2013). The
green infrastructure should be seen as a planning device able to foster and support the
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provision of multiple ecosystem services. Finally, its application, being essentially a
spatial device, should be included in the management and implementation of ecological
networks used to support biodiversity and natural resource conservation programs.
The final chapter of this research was particularly tailored to the post-mining landscapes
of the region where the harshest conditions can be found and where social and
environmental problems generally interact, creating the already mentioned socialecological traps. Indeed, a series of plausible scenarios and narratives were constructed
for these areas to eventually foster solutions for promoting more sustainable
transformations for these places and communities.
The study, through the analysis of land dynamics in a small head watershed of the
Central Appalachians, demonstrated, in line with a recent and growing body of studies,
the relevance of human influence in shaping and altering the current environment.
Furthermore, the study confirmed the importance of site-specific studies when dealing
with profoundly altered landscapes where anthropogenic factors, not just environmental
gradients, were responsible for changes that profoundly altered the landscape, its
morphology, and the ecosystem's structure and composition. Moreover, the study
recognizes that some processes are not limited to the specific area but can be found in
larger landscapes where similar conditions exist. Indeed, while specific findings can be
potentially reproduced across the Central Appalachian Region, and mainly where MTR
operations are spread out, other findings more relevant to the overall methods proposed
can be applied to a larger number of working landscapes in the rural areas of the world
where similar processes can be found.
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